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Abstract

Multimodal biometrics has become a popular means of overcoming the limitations of 

unimodal biometric systems. However, the rich information particular to the feature level 

is of a complex nature and leveraging its potential without overfitting a classifier is not well 

studied. This research investigates feature-classifier combinations on the fingerprint, face, 

palmprint, and iris modalities to effectively fuse their feature vectors for a complementary 

result. The effects of different feature-classifier combinations are thus isolated to identify 

novel or improved algorithms.

A  new face segmentation algorithm is shown to increase consistency in nominal and ex

treme scenarios. Moreover, two novel feature extraction techniques demonstrate better 

adaptation to dynamic lighting conditions, while reducing feature dimensionality to the 

benefit of classifiers. A  comprehensive set of unimodal experiments are carried out to 

evaluate both verification and identification performance on a variety of datasets using 

four classifiers, namely Eigen, Fisher, Local Binary Pattern Histogram and linear Support 

Vector Machine on various feature extraction methods. The recognition performance of 

the proposed algorithms are shown to outperform the vast majority of related studies, 

when using the same dataset under the same test conditions. In the unimodal compar

isons presented, the proposed approaches outperform existing systems even when given a 

handicap such as fewer training samples or data with a greater number of classes.

A  separate comprehensive set of experiments on feature fusion show that combining 

modality data provides a substantial increase in accuracy, with only a few exceptions 

that occur when differences in the image data quality of two modalities are substan

tial. However, when two poor quality datasets are fused, noticeable gains in recognition 

performance are realized when using the novel feature extraction approach.

Finally, feature-fusion guidelines are proposed to provide the necessary insight to leverage 

the rich information effectively when fusing multiple biometric modalities at the feature 

level. These guidelines serve as the foundation to better understand and construct bio

metric systems that are effective in a variety of applications.
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Chapter 1

Introduction

1.1 Context of Research

Since very early in civilization, human recognition has been a simple but restricted task. 

Faces can be visually identified to ascertain familiar and unfamiliar individuals in a fairly 

unconscious manner (Kindt, 2013). However, the task has become increasingly challeng

ing with the rise in populations, especially in terms of cross-border security and crime. 

Biometrics research has become more popular, however, it is reliant on using traits that 

are unique and easily distinguishable.

A biometric system (or biometrics for short) is defined as the measurement and analysis 

of unique biological and behavioural traits to establish the identity of a human being for a 

particular purpose, often related to access control or law enforcement (Jain et al., 2000b, 

Kindt, 2013). Biometrics is thus used by both government and civilian applications offer

ing greater convenience and several advantages over traditional authentication measures 

as they cannot be lost or forgotten. However, with technological advances resulting in 

the widespread use of electronic sensors and networks, security risks have been intro

duced into biometric systems by forgers (Jain et al., 2000b, Kindt, 2013). Furthermore, 

real-world conditions such as user error and dirty sensors often result in degradation of 

the biometric data being modelled. This has prompted developers to bias these systems

1
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towards either increased security at the cost of stricter or invasive requirements for users, 

or more convenient at the cost of reduced security.

In a bid to counteract these real-world problems, it has been shown that using more than 

one source of biometric information improves security, recognition accuracy and versatility 

of biometric systems (Iloanusi, 2014, Rattani et al., 2011). Multimodal biometrics thus 

has the potential to solve these problems in well-planned applications.

1.2 Motivation for this Research

Existing multimodal biometric recognition studies typically make use of score-level fusion, 

which combines the little information remaining at a late processing step in the biometric 

recognition process. The less widely used alternative, known as feature-level fusion, has 

recently attracted more interest as it utilizes multiple sources of rich biometric information 

at an earlier processing step. Fusion at the feature level has been shown to outperform 

that at the score level in recent studies (Rattani et al., 2011, Thepade et al., 2015), 

but research is lacking with regard to substantiation of its applicability under various 

conditions. On the contrary, comprehensive reviews have been conducted at the score 

level with the results often used to construct optimal fusion schemes under a variety of 

conditions (Raghavendra et al., 2011). The reviews have established guidelines for score- 

level fusion enabling the systematic implementation of multimodal biometric systems for 

future research and applications.

While the rich discriminatory information available at the feature level has greater poten

tial, effectively utilizing this information such that systematic approaches can be identified 

is a complex problem that exemplifies the saying: “One size does not fit all.” This is further 

exacerbated by the additional factors that influence recognition accuracy including the 

problem known as the “curse of dimensionality” and the vast number of feature-classifier 

combinations coupled with the nature of the biometric data.

As it is yet to be established which image processing and machine learning practices are 

applicable for feature-level fusion systems, there is not a clear starting point for creating
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multimodal biometrics system using fusion at the feature level. Furthermore, various 

algorithms are relevant for the image segmentation procedure in order to capture the 

unique features of different image-based modalities. Evaluating the algorithms used for 

each modality requires comprehensive experimentation. However, since different image- 

based biometric modalities are independent yet complementary (Raghavendra et al., 2011, 

Wang et al., 2013), several feature-classifier combinations can be evaluated by applying 

the same feature extraction and transformation method on different modalities, enabling 

compatibility of the fused components to be classified (Raghavendra et al., 2011, Wang 

et al., 2013) (Ross et al., 2006, p. 65-70).

1.3 Research Statement

This research aims to investigate several combinations of a limited set of feature extrac

tion techniques and classifiers under various conditions to determine the effect on the 

recognition accuracy of image-based modalities, for unimodal and multimodal biometrics 

fused at the feature level.

We hypothesize that improved accuracy can be achieved using multimodal biometric fu

sion at the feature level, but the same combination of techniques may not apply optimally 

to all modalities.
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1.4 Research Objectives

To prove our hypothesis the research focussed on achieving the following objectives:

1. Identify combinations of feature extraction and classifier algorithms that can be 

used to construct a number of effective unimodal biometric systems based on those 

found in the literature.

2. Develop novel or improved algorithms for implementing biometric systems for indi

vidual modalities that address limitations found in related systems.

3. Implement a number of unimodal biometric systems based on the combinations of 

existing or new algorithms for use with each of the four image-based modalities 

(fingerprint, face, palmprint, and iris) separately.

4. Identify strengths and weaknesses of each implemented unimodal biometric system 

as well as trends observed across experiments on the four modalities.

5. Implement bimodal biometric systems by applying the optimal algorithms, based on 

the observed trends, which are applicable to pairs of modalities fused at the feature 

level.

6. Identify strengths and weaknesses of the bimodal biometric systems as well as trends 

observed across the multimodal experiments.

7. Identify foundational guidelines based on the results of unimodal and multimodal 

experiments that can be used for future biometric systems that apply fusion at the 

feature level.
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1.5 Approach

A fixed preprocessing approach is used on the four modalities based on popular biometrics 

in the literature. This forms the basis of four biometric systems where several feature 

extraction and classifier combinations algorithms are evaluated empirically to validate 

those that are optimal. As feature extraction and classifiers can both have different 

optimal parameters depending on various conditions, parameters are tuned systematically 

at the start of each experiment. Any subsequent tuning with significant impact on results 

is explicitly noted together with the reason for the change. The methodology per modality 

is also validated visually as appropriate to image-based biometrics.

Evaluation metrics are used for the unimodal experiments on three datasets per modality, 

which are all unseen to ensure a fair empirical process. These datasets are also acquired 

using different sensors than the validation dataset to show compatibility across sensors. 

Furthermore, the unimodal systems are tested on all these datasets against related systems 

in the literature to determine the effectiveness of the proposed methodology. Although 

evaluating the identification performance is the focus of this research, verification perfor

mance is included where necessary for fair comparison with related studies.

Bimodal experiments are conducted on two of the available datasets per modality, where 

two fusion methods known as feature averaging and feature concatenation are compared 

using the same metrics as the unimodal experiments. Another bimodal experiment is 

carried out on the omitted datasets by ranking the top 10 worst individuals (classes) per 

fusion method and visually inspecting the image samples to ascertain whether there are 

observable class-specific trends. Weighted fusion is performed on the top 10 worst ranked 

individuals in an attempt to further improve recognition accuracy and increase robustness 

to unbalanced components within bimodal datasets.
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1.6 Assumptions

The datasets used in the experiments were chosen based on the following assumptions:

• The image quality ranges from ideal to poor so as to depict real-world conditions 

for biometric applications.

• Acquisition of images for all four of the modalities chosen could be done in a non

invasive procedure to the user. However, the datasets may include extreme condi

tions such as occlusion of faces, partial fingerprints, and so on.

1.7 Limitations

• Four image-based modalities (fingerprint, face, palmprint, and iris) are used for 

experimentation.

• Fusion is limited to bimodal combinations of the feature concatenation and feature 

averaging method.

• The weighted bimodal fusion experiments are conducted using precalculated weights 

on both fusion methods, while dynamic weighting is performed manually to demon

strate proof of concept.

• The same four classifiers per proposed biometric system are used on each modality 

and combination in unimodal and bimodal experiments, respectively.

• While rough indications of classifier speed are given as an extra guideline, computa

tional complexity for training and test procedures per system is not a focus of this 

research.

• Due to different quality standards per biometric modality, image quality is subjec

tively evaluated during experimentation using visual inspection.
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1.8 Thesis Outline

The remainder of this thesis is arranged as follows:

Chapter 2: B io m e tr i c  S y s t e m s : This chapter introduces the various concepts pertaining 

to image-based biometrics.

Chapter 3: A lg o r ith m s  u sed  in  B io m e tr i c  S y s t e m s : The algorithms pertaining to the 

recognition of fingerprint, face, palmprint and iris biometric modalities are described 

including their strengths and weaknesses. The rest of the chapter reviews the literature 

and datasets relevant to the respective modalities.

Chapter 4: E x p e r im e n ta l  S e tu p : The methodology used to construct the four pro

posed individual biometric systems is first discussed. The conditions under which the set 

datasets were captured are described per modality. This chapter forms the basis of the 

optimization process on the algorithms used per modality in subsequent chapters.

Chapters 5 — 8: [M o d a lity ]  R e c o g n it io n  A lg o r ith m s  a n d  R e s u l t s : These chapters, respec

tively, present the proposed approach for each modality’s recognition system followed by 

their methodology validation and results.

Chapter 9: B im o d a l F e a tu re  F u s io n  an d  R e c o g n it io n  R e s u l t s : This chapter describes 

the two fusion approaches, presents the results and discusses the differences between the 

unimodal and bimodal combinations.

Chapter 10: Im p r o v in g  F e a tu r e -F u s io n  A c c u r a c y  th rou g h  W e ig h te d  M o d a lit ie s  an d  S p e 

c if ic  G u id e l in e s : This chapter discusses the significance of the experiments carried out, 

inspects the effect of image sample conditions on a per user basis, and how weighting 

strengthens multimodal biometric systems that fuse at the feature level under non-ideal 

conditions.

Chapter 11: C o n c lu s io n : This chapter concludes the thesis, highlights the contributions 

made towards the research and provides directions for future work.
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Chapter 2

Biometric Systems

This chapter gives a broad overview of biometric systems, including four of the common 

image-based modalities and various ways of fusing such modalities.

2.1 Overview of Biometric Systems

Secure systems and locations have traditionally used passwords and smart/access cards 

as a form of access control (Jain et al., 2011). However, as time has progressed security 

measures have been extensively studied, which showed that they are frequently bypassed 

or forged. The emergence of biometrics has to a certain degree addressed these risks 

to security by removing the need to “remember something” , which has also meant that 

security can be applied with less inconvenience to the user. Some of the advantages of 

using biometrics according to Jain et al. (2011) are given below.

• Discourages fraud and enhances security.

• Detects multiple enrollments.

• Cannot be easily transferred, forgotten, lost, or copied.

• Virtually eliminates repudiation claims.

9
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• Increases user convenience.

The underlying foundation of a biometric system is an automated process of recognizing 

an individual by acquiring and evaluating unique biological and behavioural patterns 

from individuals. Even though such systems have many advantages over smart cards 

and passwords, their widespread use has introduced new security risks posed by forgers 

(Bharadwaj et al., 2015, Kindt, 2013). Their increasing susceptibility to forgery and 

degraded/ill-captured data has led to identity theft and system failure even with the 

introduction of more secure technologies. This is especially a concern in non-invasive 

biometric modalities, which are often external, such as the fingerprint, face, palmprint 

and iris. These types of biometrics are easier to acquire because they are external and 

are easily captured using image-based sensors, posing less inconvenience to the user. The 

pervasiveness of data captured from these sensors is a concern due to their transfer through 

sensor networks that can be intercepted and thus well-planned access control is vital in 

the real world.

Real-world security problems often change based on the application, but are especially 

evident in automatic security systems or those preferring low supervision. Challenges of 

secure biometric system design further include the dramatic change in samples (impres

sions) of the same biometric trait due to ageing, user cooperation or the environment 

(Jain et al., 2011). This kind of change observed in a number of samples of an individual 

is known as intra-user or intra-class variation. On the other hand, when features ex

tracted from the same biometric traits of different individuals have a significant overlap it 

is called high inter-class variation, for example, as in the case of the fingerprints or faces 

of identical twins or due to other cases of genetic similarities.

The majority of biometric systems are used in one of the following three focus areas 

(Kindt, 2013):

• Fighting crime -  for example, using biometric evidence from a crime scene or ongo

ing pursuit such as latent fingerprints or face tracking over security camera feeds, 

respectively.
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• Security and services -  for example, authenticating an individual for banking services 

using a biometric sensor connected to a computer or access control to a room via a 

biometric activated door lock.

• Comfort -  for example, unlocking smart phones or automatically adjusting the steer

ing wheel and seat position of a car for a particular user.

While comfort is user-experience centric, the operational requirements for fighting crime 

and security services range from strict rejection of impostors -  often resulting in rejection 

of genuine individuals -  to accepting many candidates for later manual inspection (Jain 

et al., 2011). These trade-offs are thus biased according to the application. A method of 

satisfying these requirements without (or with less) biasing has recently been discovered 

through the fusion of multiple sources of biometric information.

Multimodal biometrics is defined as the combination of two or more biometric modalities 

for the purpose of this dissertation. The advantages of multimodal biometrics are im

proved security, recognition accuracy and versatility of a biometric system (Ross et al., 

2006). However, the application to a large extent determines the effectiveness of fused 

biometric data. For instance, achieving universality or improving user experience may not 

be attainable by fusing biometrics and, in fact, may worsen the applicability. A selective 

approach, combining biometric data from easily acquirable modalities may be a solution, 

but many other factors such as fusion level, feature types and effectiveness need to be 

considered. The remainder of this chapter introduces concepts relevant to biometrics such 

as system types, modality fusion, and evaluation and performance indicators.

2.2 Types of Biometric Systems

Biometric systems can be broadly classified as verification (sometimes called authentica

tion) or identification systems. Both systems can contain impostors, which are defined as 

unauthorized or non-class individuals.
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The most recent definition for verification and identification was established by the joint 

international standards committee on biometrics, ISO/IEC JTC1/SC37 (Podio, 2017), in 

2015 as:

1. Biometric verification -  “Application that shows true or false a claim about the 

similarity of biometric reference(s) and recognition biometric sample(s) by making 

a comparison(s).” They also give examples of verification as: “Establishing the truth 

of any of the claims I am enrolled as subject X, I am enrolled in the database as an 

administrator, and I am not enrolled in the database may be considered verification.” 

(Wayman, 2015, p. 266)

2. Closed-set identification -  “Application that ranks the biometric references in the 

enrolment database in order of decreasing similarity against a recognition biometric 

sample. Note 1: Closed-set identification always returns a nonempty candidate list. 

Note 2: Closed-set identification is rarely used within practical systems, but is often 

used experimentally.” (Wayman, 2015, p. 266)

3. Open-set identification -  “Application that determines a possibly empty candidate 

list by collecting one or more biometric samples from a biometric capture subject 

and searching the enrolment database for similar biometric references.” (Wayman, 

2015, p. 266)

These definitions are placed into context with respect to metrics and clarified in Sec

tion 2.6.

2.3 Biometric Modalities

There are a vast number of human biometric traits, including fingervein, gait and voice. 

For the purposes of this research, however, four external biometric modalities are focussed 

on, namely fingerprint, face, palmprint and iris.
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2.3.1 Fingerprint

The skin on the palm side of hands contains ridge and valley patterns unlike most of the 

skin on the rest of the human body. Since these patterns are unique and immutable at the 

tips of the fingers, they are useful for biometric authentication. However, since manual 

labour workers and a minority of people have skin problems at the surface, capturing 

their fingerprints often result in non-ideal samples. Currently, many law enforcement 

agencies worldwide use fingerprint biometrics as the primary means to verify or identify 

an individual (Jain et al., 2011).

2.3.2 Face

Face recognition is an important research area as it is one of the more visible and user- 

friendly biometrics (Jain et al., 2000a). In cases where the face is not used as an authen

tication biometric, it is still often bound to the primary identification device or system, 

such as an ID card or a criminal fingerprint database (Kindt, 2013). As a primary means 

of identification, the face is challenging in uncontrolled applications due to varied pose 

angles and occlusions. Furthermore, real-world conditions often result in degradation of 

the quality when acquiring face images from camera sensors.

When bound as a secondary form of identification, human face images help determine 

many other revealing attributes like gender, age, ethnicity and even the emotional state of 

a person (Kindt, 2013). Therefore, the face biometric is an important biometric identifier 

in law enforcement and human-computer interaction communities.

2.3.3 Palmprint

The palms of human hands also contain ridges and valleys, like the fingerprints, forming 

unique patterns, which are referred to as palmprints. Since the pattern containing area 

of the palm is much larger than that of the finger, palmprints are expected to be even
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more distinctive than fingerprints (Zhang et al., 2003, Kumar, 2008). However, palmprint 

scanners capture a larger area, and are thus bulkier and more expensive than fingerprint 

sensors. A higher resolution sensor (expensive) is thus required for a palmprint to capture 

features similar to fingerprint sensors.

Palms contain additional distinctive features known as principal lines and wrinkles that 

become defined after infancy, allowing palmprints to be captured with a lower resolution 

scanner, which is also likely to be cheaper (Ross et al., 2006). Moreover, when using a 

high-resolution palmprint scanner, multiple features of the hand such as the geometry, 

ridge and valley features, principal lines and wrinkles can be combined to build a highly 

accurate biometric system (Ross et al., 2006).

2.3.4 Iris

Iris recognition has been the focus of much research in recent years. Statistical experiments 

show that the iris has the most reliable and stable features of all external biometrics (Yin 

et al., 2011). In a typical eye, the iris region includes the coloured tissue surrounding the 

pupil (black circular region), which is further surrounded by the sclera (white region). 

The muscles in the iris, namely, the dilator and sphincter, control the contraction and 

dilation, respectively, of the pupil region, which can be a hindrance to normalization when 

capturing the iris image.

2.4 Selection of an Ideal Biometric Modality

According to Wayman et al. (2005), many authors agree that the following characteristics 

must be taken into consideration when selecting a modality for use in a biometric system. 1

1. Universality: Every user must have this biometric trait, which implies complete 

population coverage for all users of the system. For example, manual labourers can 

damage their outer fingerprint and render it unrecognizable.
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2. Collectability: Biometric data acquisition or availability should be simple without 

requiring extensive user cooperation or a large number of attempts to capture a 

single sample. The latter problem is referred to as “failure to enroll” based on an 

application specific limit.

3. Uniqueness: The biometric attribute should be distinctive for individuals across the 

target population. This means that at least a subset of its features should have 

large variations across individuals in the population. This is often linked to yielding 

a low number of false matches, which is sometimes referred to as “Type II errors” 

in biometric systems.

4. Permanence: The biometric attribute should remain constant over time, which in

cludes age or alterations due to a disease not compromising robustness. This char

acteristic is often linked to yielding a low number of false non-matches, which is 

sometimes referred to as “Type I errors” in biometric systems.

5. Acceptability: The collection process should not intimidate users as they should be 

willing to submit their biometric samples. This characteristic can be measured by 

the number of system users.

6. Accessibility: This also includes ease of user interaction, which usually incorporates 

an electronic sensor that captures an external biometric. This is measured by the 

number of individuals that can be processed per time unit.

7. Circumvention: This refers to tamper resistance as the biometric should be difficult 

to spoof or manipulate.

8. Cost effectiveness: The hardware and software required to collect and identify the 

biometric should be reasonably priced and readily available to the average business.

The intuitive solution to determining the ideal biometric at a given time would be a 

weighted value incorporating all of the above qualities. Research however, has shown 

that desired qualities are highly dependent on the specifics of the application, including 

the target population, physiological and psychological states, and hardware/software used 

(Maio et al., 2002, Mansfield et al., 2001, Phillips et al., 2000, Wayman et al., 2005).
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2.5 Fusion of Biometric Modalities

Early biometric systems typically used only a single modality. However, in an attempt 

to improve accuracy, biometric systems have recently attempted to combine two or more 

modalities. Such systems are referred to as multimodal systems. Multimodal biometrics 

can also be used to solve or mitigate problems of real-world scenarios such as achieving 

universality for entire population coverage in well-planned applications (Iloanusi, 2014). 

A practical example application is the use of joint user authentication where two or more 

users are required to provide their respective fingerprints, resulting in improved security 

of a shared interest.

Biometric data can be fused at different levels for multimodal biometric systems, namely, 

sensor level, feature level, score level, rank level and decision level. These are discussed 

in the subsections that follow.

2.5.1 Sensor-Level Fusion

Sensor-level fusion can directly combine the raw data of individual sensors (Wayman, 

2015, Ross et al., 2006). However, sensor-level fusion is most effective when sources of 

the same biometric trait are obtained from multiple different but compatible sensors, 

or when multiple instances of the same biometric trait are obtained from a single sen

sor. An example of the former is when multiple two-dimensional (2D) face images from 

different perspectives can be stitched together to form a three-dimensional (3D) model 

or a panoramic face image. An example of multiple instances from a single sensor is 

the mosaicking of several patches of the same fingerprint impression to form a complete 

fingerprint image. The challenge of sensor-level fusion is that multiple cues must be com

patible and the start and end points of the raw data per sensor must be known in advance 

-  calibrated camera systems -  or reliably estimated during postprocessing.



Chapter 2. Biometric Systems 17

2.5.2 Feature-Level Fusion

The combination of feature sets of two or more modalities is expected to produce signif

icantly improved recognition performance and increased compatibility over sensor-level 

fusion (Wayman, 2015, Ross et al., 2006). However, this is not always the case as varying 

degrees of improvement have been reported in the literature.

In this type of biometric fusion, feature sets per biometric trait are selected and/or ex

tracted separately for subsequent fusion to produce a single multimodal biometric feature 

vector. This fused feature vector is used as the input to the matcher or classifier to make 

the final decision. This is expected to be the best type of fusion in terms of potential 

accuracy gain as the feature sets constitute the richest source of usable information.

2.5.3 Score-Level Fusion

This method of fusion involves the integration of modalities in the biometric process at a 

later stage, that is, after obtaining the match score (Wayman, 2015). This match score is 

used by a decision module usually involving various normalization techniques, and rules 

such as the max, min, sum, mean or median rule. This system is flexible in terms of 

compatibility such that it is fairly simple to implement. On the other hand, this widely 

used fusion level does not utilize the rich discriminatory information available at the 

feature level.

Comprehensive studies have been conducted at the score level across most biometric 

modalities. These studies often compare the best fusion methods, forming fusion guide

lines that can be used in future applications of a similar nature (Raghavendra et al., 2011, 

Ribaric and Fratric, 2006). Ross et al. (2006, p. 91-141) provide the numerous interac

tions of score normalization and rules by several authors including resulting accuracies 

and best practices in a dedicated chapter, unlike the other (lesser studied) levels. As this 

fusion level is well researched, the best suited rule for an application is decided based on 

specific biometric modalities and the environmental conditions under which they operate.
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An example of the guidelines for score-level fusion is the use of min-max normalization 

to achieve a low false acceptance rate (FAR) and high genuine acceptance rate (GAR) 

when it is assumed that no low quality data is dealt with (Ross et al., 2006, p. 128). On 

the other hand, median normalization achieves lower accuracies under those conditions, 

but is more suited to applications known to contain low quality data. Furthermore, the 

weighted sum rule is preferred for general fusion and the product rule is preferred for very 

high quality input data fusion.

2.5.4 Other Fusion Levels

The last two fusion levels are known as rank level and decision/abstract level (Wayman, 

2015, Ross et al., 2006). Rank level is relevant in an identification system where a value 

is assigned to the top matching identities, while decision level is commonly used when 

propriety rights prevent the use of the previous fusion levels. This often occurs with 

commercial off-the-shelf biometric matchers that provide access only to the final decision 

per modality (and per class), limiting the decision level to ’AND’ and ’OR’ rules, majority 

voting and weighted majority voting.

2.5.5 Feature Level vs. Score level Fusion

Initially, multimodal biometric systems adopted the score-level fusion approach as it was 

simple to implement through score normalization. Guidelines were subsequently estab

lished for this type of fusion (Rattani et al., 2011). However, this widely used fusion 

method does not utilize the rich discriminatory information available at the feature level. 

Feature-level fusion integrates feature vectors corresponding to two or more biometric 

modalities. However, the challenge of feature-level fusion is that it is not only more 

complex than match score-level fusion, but also lacks guidelines, as it is a lesser studied 

problem. Ross et al. (2006, p. 65-70) show that limited information is available on the 

best practices of feature-level fusion as there are no comprehensive studies. At the time of 

writing, this gap had not been addressed. A commonality of the score and feature levels
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is that they both support a wide range of biometric applications unlike the other fusion 

levels.

In this research, a comprehensive set of experiments on feature-level fusion are conducted, 

the results of which are later used as a basis for fair comparison against the score level 

and other well-studied fusion levels where relevant. The results are also used to inform 

future guidelines for feature-level fusion. Section 1.7 specifies that two specific feature- 

level fusion methods are investigated: feature concatenation and averaging.

At present, the guidelines used during feature-level fusion are limited to the following 

generalizations, which have been verified in a study (Brown and Bradshaw, 2017a). Fea

ture set compatibility is imperative for the decision module, which typically consists of 

classification or distance matching. This is data dependent and requires further analysis 

through experiments. Uncorrelated feature sets should be used among different modalities 

and correlated feature sets among multiple samples of the same modality (Wang et al., 

2013). Furthermore, different image-based biometric modalities are often independent 

and complementary. Finally, the application of the same feature extraction algorithms on 

different modalities can yield a very efficient multimodal biometric system (Raghavendra 

et al., 2011). Fusion is often applied after, as opposed to before, extraction, using linear 

or non-linear methods, as it can result in better reduction of feature correlation (Brown 

and Bradshaw, 2016a).

2.6 Biometric Performance Indicators

A similarity/confidence score related to distance measure is often used as a threshold that 

affects the accuracy of a biometric system. The threshold can be optimized for either high 

security or a high user acceptance rate. If the confidence values of a classifier are higher 

than the given threshold, the user is rejected as an impostor.

A threshold T (Jain and Li, 2011) is used to classify a test case to be either a correct 

(true positive) case or an incorrect (false positive) one. If the case is below a threshold 

T, it is classified as false and if it is above threshold T it is classified as true.
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2.6.1 Verification

In verification systems, the input (probe) biometric data are labelled with a claimed 

identity (Jain and Li, 2011). The system compares the probe data strictly with similarly 

labelled templates or trained data in the gallery or database model. The aim of this type 

of system is to ensure that a user’s claim of identity is correct. This involves a simple form 

of matching referred to as 1:1 matching, as a probe is compared against a single or small 

number of gallery entries or database samples for only the individual under scrutiny.

Verification accuracy is measured as follows:

• GAR -  Percentage of class images that were correctly predicted out of the total 

class images.

• FAR -  Percentage of impostor images predicted (incorrectly) as class images out of 

the total impostor images.

• False Rejection Rate (FRR) -  Percentage of class images that were incorrectly pre

dicted as non-class images, or simply 100 — GAR.

• Equal Error Rate (EER) -  Percentage at which FAR =  FRR.

While a high GAR and a low EER are generally what a state-of-the-art biometric system 

aims to achieve, the measure of individual error rates such as FAR and FRR are important 

for biasing particular biometric applications. A receiver operating characteristic (ROC) 

curve measures the tradeoff between errors and is often used for plotting the verification 

or identification accuracy of a biometric system (Wayman, 2015, p. 1234-1236).

2.6.2 Identification

The identity of an individual’s biometric data within the input image is determined by 

comparing the features extracted from the image with every template in the gallery or
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database (Jain and Li, 2011, Tabassi et al., 2014, Quinn et al., 2016). This type of match

ing operation is also referred to as 1 : N matching, as N comparisons are performed during 

the matching operation, where N is the total number of images in the gallery/database 

for every person.

A closed-set identification system, also known as positive identification, refers to a bio

metric task in which an unidentified individual is known to be in the database of biometric 

characteristics and the system attempts to determine his/her identity (Jain and Li, 2011, 

Tabassi et al., 2014, Quinn et al., 2016). Since, this type of system does not contain 

impostors, FAR is not included in the definition. Accuracy of a biometric identification 

system is measured by applying a similar metric to that used for verification, but it also 

sums every class and divides the result by the total number of classes. The metrics used 

in this case are redefined as follows.

(a) Identification rate (IR) is the percentage of correctly predicted class images out of 

the total class images.

(b) False-negative identification-error rate (FNIR), also known as the miss rate, is the 

percentage of incorrectly predicted class images out of the total class images.

A real-world application of closed-set identification is searching for information on a reg

istered criminal without inputting their name. This is useful for reducing the duration 

of or eliminating the need for manual checking of a large number of registered criminals 

against a suspect.

An open-set identification system, also known as negative identification, refers to a biomet

ric task with no guarantee that the searched individual/class is enrolled in the database 

(Jain and Li, 2011, Tabassi et al., 2014, Quinn et al., 2016). This closely resembles the 

majority of operational biometric system conditions requiring two tasks:

(a) Detection -  determine if an individual is in a database.

(b) Identification -  find the record of the individual in the database.
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Open-set identification is sometimes referred to as a “watchlist” task to differentiate it 

from the more commonly referenced closed-set identification. The accuracy measures used 

in this case are as follows:

(a) Detection and identification rate (DIR) is the percentage of correctly predicted class 

images out of the total class images.

(b) FNIR, also known as the miss rate, is the percentage of incorrectly predicted class 

images out of the total class images.

(c) False-positive identification-error rate (FPIR), also known as the false alarm rate, 

is the percentage of non-class images that are incorrectly detected out of the total 

non-class images.

Instead of the separate metrics above, detection and identification rates are sometimes 

combined to include impostors and referred to as DIR, with the included FPIR metric. 

Alternatively, FPIR and FNIR can be combined and referred to as FAR, which can be 

represented by a ROC curve with IR on the y-axis and FAR on the x-axis. When the 

false alarm rate (FPIR) needs to be differentiated from the miss rate (FNIR), the concept 

of ROC curves can be extended to more dimensions. A high false alarm value is of great 

concern for security and given good data, indicates that the system has low performance in 

general. A high FNIR is also of concern as it shows the algorithm does not distinguish well 

between known classes often resulting in a high false alarm value anyway. The threshold 

generally influences the performance of all metrics. Real-world open-set identification 

has applications such as an automatic watchlist for a known criminal on CCTV. The 

prediction result can possibly be an impostor, and thus a supervisor (usually an expert in 

the field) verifies the result for critical security applications. When such a system often 

matches the wrong individual in the database, the algorithm or database needs to be 

adapted accordingly otherwise the supervisor will have to be consulted continually.

A direct approach to evaluating identification performance is simply performing verifi

cation N times, where N is the total number of classes (often individuals). Therefore,
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increasing either the number of classes or impostors results in a more challenging experi

ment.

2.7 Image Quality Issues

The performance of the recognition system depends on the quality of the sensed image for a 

particular modality, which in the case of image-based modalities, includes environmental 

conditions and damage sustained to the trait of a particular individual. According to 

the fingerprint quality standard proposed by Bausinger and Tabassi (2011), good quality 

fingerprints should present a high ridge-valley contrast with a clear ridge structure as 

shown in Figure 2.1a and 2.1b -  collectively referred to as well-defined ridges -  whereas 

a poor quality fingerprint has low ridge-valley contrast with corrupted ridges as shown 

in Figure 2.1c and 2.1f. However, each modality has a different quality standard and 

thus objective quality analysis is a non-trivial problem that requires further study, which 

falls outside the scope of this dissertation. Quality is thus subjectively evaluated in this 

research using visual inspection.

Figure 2.1d and 2.1e are referred to as partials -  with and without a core, respectively, 

while Figure 2.1a and 2.1b show well-defined ridges.

Besides other conditions that negatively affect quality, such as low performing sensors or 

the incorrect use thereof, the following are examples of poor quality images of the face, 

palmprint and iris:

(a) Face -  The use of makeup or occlusion of a face region with a scarf.

(b) Palmprint -  Similar cases as the fingerprint, but including changing the pose of the 

hand, such as not spreading fingers or partially clenching, when using less controlled 

scanners.

(c) Iris -  Not fully opening eyes or capturing under different lighting conditions, result

ing in the stretching of the pupil.
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(a) Person A sample 1

(d) Person A sample 2

(b) Person B sample 1

(e) Person B sample 2

(c) Person C sample 1

(f) Person C sample 2

Figure 2.1: Examples of fingerprint quality.

2.8 Summary

This chapter explained various concepts pertaining to biometric systems in general. An 

overview of biometrics and the different types of biometric systems were first presented. 

Four image-based biometrics modalities in the scope of our research and modality appli

cability were discussed next. Various aspects of the fusion of biometric modalities were 

introduced. Finally, metrics commonly used to evaluate biometric performance in both 

verification and identification systems were explained.



Chapter 3

Algorithms used in Biometric 

Systems

This chapter discusses algorithms pertaining to the recognition of fingerprint, face, palm- 

print and iris biometric modalities. Image preprocessing and enhancing algorithms com

mon to all modalities are first explained, followed by algorithms specific to individual 

modalities. Furthermore, related studies of full biometric systems specific to individual 

modalities are introduced. In Chapters 5, 6, 7 and 8, a best effort is made to compare 

these related studies on a fair scale with the proposed algorithms.

3.1 Image Preprocessing and Enhancement

Various algorithms exist in the literature for enhancing images particular to the require

ments of an application; these range from basic pixel-wise operations to a complicated 

contextual filtering. Commonly used methods in image-based biometrics are discussed in 

this section.

Image features often require pixel-wise enhancement that improves clarity and consistency 

over multiple impressions of the same class. The target of each of these algorithms is

25
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particular to the biometric modality, for example, ridges and valleys in fingerprint and 

palmprint images, contours of the eye, nose and mouth region in face images, and the less 

visible arching ring and freckle details in iris images (Porwik and Wrobel, 2005).

Pixel-wise enhancement algorithms for biometrics are generally considered to be part 

of the fundamental image preprocessing tasks, which include lighting normalization and 

various noise filtering algorithms. These operations are designed to modify the underlying 

pixel while maintaining the texture pattern. They are thus, used during preprocessing to 

prepare input images for use in further processes such as feature segmentation.

3.1.1 Pixel Normalization

The pixel values of an image or certain image regions are set to a constant mean and 

variance to compensate for slight inconsistencies in lighting and contrast (Bovik, 2010). 

This is essential for normalizing image biometric data, which has a desired intensity 

range of 0 to 255. Given an image with pixel intensities ranging from 30 to 190, the 

normalization process is carried out by subtracting 30 from each pixel intensity followed 

by multiplication by .

3.1.2 Histogram Equalization

Histogram equalization (HE) is effective at automatically setting the illumination across 

a dataset to a fixed amount (Bovik, 2010). The greyscale range is distributed uniformly 

by applying a non-linear transformation with a slight side effect on the histogram shape 

that is more pronounced in the case of high or low extremities in lighting. HE is often 

more effective than pixel normalization, but should be avoided in most histogram-based 

matching methods as it lowers the correlation between the histograms to be matched. 

Adaptive histogram equalization (AHE) attempts to mitigate this side effect, but can 

yield less desirable results than HE by over amplifying contrast, resulting in consistent
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lighting at the cost of increased noise. Both pixel normalization and histogram equaliza

tion methods improve the consistency among multiple data samples and are thus useful 

in image-based biometric systems.

Contrast limited adaptive histogram equalization (CLAHE) differs from AHE in that it 

introduces contrast limiting to prevent over amplification (Sepasian et al., 2008). The 

CLAHE method applies contrast limiting to each neighbourhood from which a transfor

mation function is derived. This limits the amplification by clipping the histogram at 

a predefined value and redistributing the excess equally among all histogram bins. The 

application of CLAHE on image-based biometrics compared with other lighting normal

ization methods is not well-studied and thus requires empirical research. Common values 

limit the resulting amplification to between three and four.

3.1.3 Image Binarization

The image binarization algorithm designed by Otsu (1979) calculates the minimum vari

ance between multiple peaks in the grey-level histogram image to select a threshold value 

automatically, instead of determining the optimal value empirically. This is effective on 

images containing highly contrasting regions. The steps in Otsu’s algorithm are given 

below:

1. Compute histogram and probabilities of each intensity level resulting in a cumulative 

distribution function.

2. Step through all possible thresholds t =  1, 2, 3.., 255.

3. Compute means and variances.

4. Compute intra-class variance minimization function o f (t).

5. Calculate the desired threshold as the lowest o 1 2 3 4 5(t) result.
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Binary: 11001011 
Decimal: 203

Figure 3.1: Basic 3 x 3 LBP operator.

3.1.4 Original Local Binary Pattern Operator

The basic local binary pattern (LBP) operator, introduced by Ojala et al. (1996), assumes 

that the most descriptive traits of image texture are two complementary aspects known as 

its pattern and strength. The size of the local area can be specified as a block of pixels. An 

example 3 x 3 pixel block LBP operator is shown in Figure 3.1. The pixels in this block are 

thresholded by the block’s centre pixel value, multiplied by powers of two and summed to 

obtain the decimal value of the centre pixel known as the label. The neighbourhood of this 

centre pixel consists of 8 pixels, which can contain 28 =  256 different label combinations 

depending on their pixel values relative to the centre. Neighbourhood values that are 

greater than or equal to the centre pixel are given the value one, while the remaining 

values are set to zero, as shown in Figure 3.1. In the example, the blank centre pixel is 

given the label 203, which gives LBP its vivid texture pattern. LBP thus operates as a 

feature extractor that is particularly aimed at enhancing texture patterns for matching. 

The texture pattern within the LBP mask can be extracted as a one-dimensional (1D) 

LBP histogram for matching.

3.1.5 Extended/Circular Local Binary Pattern Operator

Ojala et al. (2002) proposed a more robust LBP operator known as extended LBP (ELBP), 

which includes circular neighbourhoods. By enabling customization of the pixel mask, 

this operator can characterize the same texture at different scales, rotations and lighting. 

This extension is useful for texture alignment and matching, while calculating the binary 

result in the same clockwise manner. The circular local neighbourhood is defined as 

the set of sampling points evenly spaced on a circle where the number of sample points
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and radius can be specified. By considering the global aspect of the image, increasing 

the number of sample points causes patterns to often appear brighter (depending on the 

neighbourhood), while increasing the radius size results in a sparser pattern with a less 

sharpened appearance. When a sampling point does not fall in the centre of a pixel, 

bilinear interpolation is used to give it a greyscale value.

Another extension is the grouping of uniform binary patterns. A pattern is defined as 

uniform if it contains at most two bitwise transitions from zero to one or vice versa. An 

example of uniformity is 00000000 and 01110000, which have zero and two transitions, 

respectively. An example of a non-uniform pattern is 1001001 -  as it has four transitions. 

These features are patterns in the form of edges, corners and speckles and thus can 

be used for pattern matching (Ojala et al., 2002, Ahonen et al., 2006). These authors 

established that uniform patterns provide discriminative texture information unlike non

uniform patterns that are ambiguous. They ran further tests that show the effect of the 

radius and neighbourhood parameters by applying three different ELBP masks shown in 

Figure 3.2, on the FERET (Phillips et al., 1998) face dataset. Using a radius of one and 

eight neighbours (1, 8) captured 90,6% of the pattern. The number of features are reduced 

when using a sparse mask such as (2, 8) as it retained 85.2% of the texture, while (2, 16) 

simplifies the pattern even further to 70% suggesting that a large number of neighbours 

can actually reduce the distinctiveness (over contrast) of the pattern. Therefore, ELBP 

can be used to both describe and reduce unwanted (and wanted) features surrounding 

pixel patterns.

(c) (2, 16)

Figure 3.2: Three different pixel masks defined by (radius, neighbours) [taken from (Aho
nen et al., 2006)].
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3.1.6 Local Binary Pattern Variance Operator

The relatively new texture descriptor LBP variance (LBPV), characterizes the local con

trast information into a 1D LBP histogram (Guo et al., 2010). This operator differs 

from ELBP in that it computes the joint histogram of LBP and variance locally, but has 

the same custom mask that can be used as a texture descriptor for scales, rotations and 

lighting of an image. The differences in approach are explained as follows.

The principal orientations of the texture image are estimated and used to align LBP 

histograms of local regions. The aligned histograms measure the dissimilarity between 

regions where there is no overlap. Furthermore, LBPV is a training-free feature descriptor 

that requires no quantization and thus further reduces feature dimensions compared with 

ELBP. This is useful when a feature descriptor with low dimensionality is needed or where 

lighting variations should be considered both locally and globally.

3.1.7 NL-means Filter

This image denoising algorithm is described by its authors, Buades et al. (2005) as neither 

local nor global. NL-means differs from typical neighbourhood filters as it compares the 

geometrical configuration in an entire neighbourhood instead of a single greyscale pixel of 

one neighbourhood corresponding to another. NL-means preserves the edges of texture 

in an image. This is important in fingerprint applications as the accurate representation 

of ridges and valleys is key for minutiae singular point extraction1. However, high filter 

strength and large neighbourhood size can reduce the contrast between some ridges and 

valleys as shown in Figure 3.3a. The ridge-valley contrast is enhanced with an unsharp 

mask using a 15 x 15 Gaussian filter as shown in Figure 3.3b. 1

1 NL-means was effective on fingerprints but only for improving keypoint detection (not postprocess
ing), in previous work (Brown and Bradshaw, 2016a,b)
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(a) NL-means image (b) Enhanced image

Figure 3.3: Enhancing ridge-valley contrast with an unsharp mask.

3.2 Image Alignment and Segmentation

The biometric recognition process is often initiated by aligning the input image before 

feature extraction techniques are performed for improved feature discrimination (Bovik, 

2010, Feng and Jain, 2011, Peralta et al., 2014, Zou et al., 2013). At the local level, there 

are unique points within biometric data that are different for each biometric modality. 

These points are especially useful as they serve as a guide during image registration for 

effectively normalizing image features. The points are used to align texture features 

such that they maximize similarities and differences between intra-class and inter-class 

images, respectively. Since the approaches for the different modalities are highly distinct, 

algorithms for fingerprint, face, palmprint, and iris are covered separately in the next four 

subsections.

Image segmentation is an obligatory preprocessing step in image-based biometric systems 

that relies on the precision of accurate image registration, to avoid overfitting or under

fitting during the classification stage. It typically aims to reduce the search space by 

removing unwanted features from the original image, while retaining features that are 

highly representative of the underlying image class (Bovik, 2010). Although it depends 

on the biometric modality and the acquisition protocol used to capture the original image,
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dimensionality can be substantially reduced by removing unwanted features.

Omitting or incorrectly employing the image segmentation step typically causes the phe

nomenon known as “the curse of dimensionality problem” (Raghavendra et al., 2011). 

The entire image can be considered for classification, but specific regions contain less 

noise and more discriminatory information on a per modality basis. The remaining fea

tures, known as the foreground, are hence referred to as the region of interest (ROI). 

The ROI should consist of data relevant to the identity of an individual while avoiding 

ambiguous data. Ambiguous data is defined as unrecoverable regions due to low quality 

images, or depending on the biometric, a mixture of foreground and background regions 

-  increasing the number of similar features that images of different individuals share.

3.2.1 Fingerprint Algorithms

The fingerprint contains points, located on ridge curvatures, that are either unique or 

sharper than those in other areas. The core point, also known as the reference point, 

is often defined as the sharpest concave ridge curvature based on the orientation field 

of the fingerprint image (Jain et al., 2000b). The following algorithms extract various 

features from the fingerprint; the algorithms covered are typically those used in related 

studies (Luo et al., 2000).

Poincare Index Core Detection

Many approaches to reference point determination critically rely on properties of the 

orientation field (OF), the most notable of which is the Poincare index method (Jain et al., 

2000b). The OF of a fingerprint image is an important characteristic since subsequent 

steps in fingerprint recognition depend on its accurate estimation. One of these steps 

involves the determination of singular points, that is, where a ridge changes direction 

abruptly. The two main singular points are known as the core and delta. In Figure 3.4, 

the four main types of fingerprint patterns are shown with their core (red) and delta 

(green) points detected using the Poincare index. The rare arch fingerprint type usually
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(a) Arch fingerprint 
type

(b) Tented arch fin
gerprint type

(c) Right loop fin
gerprint type

(d) Whorl finger
print type

Figure 3.4: Fingerprint pattern types.

outputs no core point for very flat cases as shown in the figure. However, Poincare can 

still be used, but with a higher tolerance to detect a much smaller than typical peak.

The local ridge orientation at pixel p ( i , j ) is defined as the angle 9 that the ridge crossing 

forms through a w x w neighbourhood with the horizontal axis. The process is repeated 

for all neighbourhoods as seen in Figure 3.5. The popular approach by Jain et al. (2001) 

can be broken down into the following steps:

1. Divide the input fingerprint image into blocks of size w x w.

2. Compute the gradients Gx and Gy at each pixel per block.

3. Estimate the local orientation of each block using the following set of equations:

Vx( i ,j  )

V y ( i ,  j )

9(h j )

Y Y 2dx(u> v)dy(u, v),
u = i -  w v = j -  w

i+ w  j + f

Y  ^ x (u, v ) ^ y (u, v),

2 “  J 2

i r an- 1( V y(i,j) )
2 ( Vx ( i , j  )>’

i+ w j+w
(3.1)

(3.2)

(3.3)

The OF of all pixels yields the orientation map. With all OFs mapped, the Poincare 

index of each block can be computed by summing the change in direction for each
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Figure 3.5: Orientation map.

pair of adjacent blocks. The largest change in direction is used as the core point as 

denoted by the small red dot in Figure 3.5.

Ridge Thinning

Ridge thinning is used to eliminate the redundant pixels of ridges to enable fast simple 

minutiae extraction (Maltoni et al., 2009). The thinning is applied to a binarized fin

gerprint image by reducing certain pattern shapes until only 1-pixel wide lines remain, 

using morphological operations. It is critical that thinning algorithms are robust to aber

rations of the binary-ridge boundaries that often result from noise in fingerprint images. 

Unwanted effects such as “spiky ridges” can result from the aberrations, which lead to 

the detection of spurious minutiae. Robust thinning algorithms therefore, should reduce 

each ridge to its central line without producing noise and the resulting thinned fingerprint 

image should not respond to further thinning iterations.

Zhang and Suen (1984) designed a thinning algorithm that uses a 3 x 3 sized block 

(shown in Figure 3.6), which is faster and more popular than other methods (Khanyile 

et al., 2011). The algorithm processes the image by iteratively removing contour points 

until a skeleton image remains. Each iteration is divided into two subiterations. The
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approach is explained in Algorithm 1 , where A (P 1) is the number of binary patterns in a 

clockwise direction from P2 to P 9, and B  (P 1) is the total number of non-zero neighbours 

of Pi.

Algorithm 1 Ridge thinning developed by Zhang and Suen (1984).
1: procedure zhangSuen 
2: while points are deleted do
3: for all P(i,j) do
4: if 2 < B ( P  1) < 6
5: if A(P1) =  1, apply in order when an iteration is odd or even:

i s O d d  : P2 * P4 * P6 =  0 
i s E v e n  : P2 * P4 * P6 =  0 
i s O d d  : P4 * P6 * P8 =  0 
i s E v e n  : P2 * P6 * P8 =  0 

6: then delete P(i, j )

The disadvantage of this minimal overhead approach is that it can fail to correctly preserve 

ridges that have been reduced to 2 x 2 squares. Furthermore, it occasionally fails to 

preserve connectivity with diagonal lines and produces spurious line endings. Guo and 

Hall (1989)’s thinning algorithm improves the accuracy of Zhang and Suen (1984)’s work, 

but with increased complexity. It also uses a 3 x 3 sized block and two sub-iterations. 

Algorithm 1 is thus often modified to produce consistent skeleton images of both low and 

high quality fingerprint images (Boudaoud e t  a l . , 2017, Kocharyan, 2013).

The modified Zhang-Suen thinning discussed here is based on the work of Kocharyan 

(2013). Algorithm 1 is modified to avoid deleting full ridges and end points, thereby 

preserving the topology of ridge connectivity. This is done by considering the following 

additional conditions.
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P9 P2 P3
Pg Pi P4
P7 P6 P5

Figure 3.6: Pixel window for ridge thinning.

Figure 3.7: Ridge thinned fingerprint image.

During odd iterations, when A (P  1) =  2, the following additional conditions are checked:

(a) P4 * P3 =  1 AND P9 =  0 OR

(b) P4 * P2 =  1 AND P3 * P7 * Pg =  0

During even iterations, when A (P  1) =  2, the following additional conditions are checked:

(a) P2 * Pg =  1 AND P5 =  0 OR

(b) P6 * P8 =  1 AND P3 * P4 * P7 =  0

Minutiae Extraction

Minutiae extraction and labelling is performed using the skeleton image as input. Minutiae 

extraction is performed using the crossing number method and typically uses a 3 x 3 pixel
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(a) Database fingerprint image (b) Input fingerprint image

F igure 3 .8 : Minutiae extraction.

sliding window (Bovik, 2010). This effectively creates eight-directional minutiae masks, 

where white pixels p, are denoted as the ridge. The crossing number equation is given as:

8
C N  =  0.5 ^  |Pi -  Pi+i|

i=1
(3.4)

The crossing number CN(p) is verified based on the non-ridge pixel (black) count per 

3 x 3 block. An ending minutia is defined as the block with CN  =  1, while a bifurcation 

minutia is defined to have C N  = 3 .  Each minutia is labelled based on its x- and y- 

coordinates and the direction 9 of the ridge associated with it, which is obtained from the 

OF. Figure 3.8 shows corresponding database and input fingerprint images, where each 

image has the core point as a small red dot, ridge endings as green circles and bifurcations 

as cyan circles.
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Fingerprint Segmentation

Fingerprint texture patterns are known to contain richer information than singular points 

and minutiae (Maltoni et al., 2009). The texture patterns consist of ridges and valleys 

on the surface of the finger, which are collectively considered to be the foreground. The 

keypoints typically consist of a combination of detected minutiae/singular points for a 

consistent segmented region.

3.2.2 Face Algorithms

The keypoints on the face are the eyes, nose and mouth, and these are used for alignment. 

Each outer keypoint is connected, resulting in a border around the face, which helps to 

avoid typical changes to the features on and around the face such as hairstyle, occluded 

ears and neck scarves. However, an initial detection window around the face is often used 

to reduce the search space.

Constructing a consistent face recognition system under these conditions is an ongoing 

research area and requires a new approach. Recent advances include an automatic face 

alignment system requiring milliseconds per face (Kazemi and Sullivan, 2014) and the 

frontalization of all face images up to 60° pose angles (Sagonas et al., 2015, Haghighat 

et al., 2016). Face systems that utilize 3D modelling generally produce high recogni

tion rates and versatility, but require greater computational power and more training 

data (Kafai et al., 2016).

Haar Object Detection

Viola and Jones (2001) use AdaBoost to train progressively complex region rejection rules 

based on Haar-like wavelets and space-time differences. A large number of these Haar-like 

features are organized to create a classifier cascade. Haar cascading is a popular method 

for selecting the detection window on the face as it has low prediction time, but requires 

a large amount of training data and time.
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Figure 3.9: Face detection using HoG features, designed by Felzenszwalb et al. (2010). 

HoG Object Detection

Dalal and Triggs (2005) presented an alternative face detection method using Histogram of 

Oriented Gradients (HoG) features as input for training a classifier. This robust generic 

object detector is shown to perform well when trained and tested on face images, and 

outperforms the Haar cascading method.

Felzenszwalb et al. (2010) also proposed a face detection method, but with improved HoG 

features. This HoG descriptor is a popular method used in face related literature, where 

the set of features that match the description are scored -  using distance matching or a 

classifier -  to find a rectangular region known as a window. Both Dalal and Triggs (2005) 

and Felzenszwalb et al. (2010) use a sliding window approach where the highest scoring 

window is selected using Non-Maxima Suppression (NMS). The goal of NMS is to retain 

only one window by eliminating those with low scores by thresholding and those that 

overlap. However, this NMS method is described as greedy in its discarding process and 

thus does not always find the best solution.

King’s Improved Window Scoring of HoG Features

King (2015) uses an improved peak sorting algorithm that solves a typical situation shown 

in Figure 3.10 by training a model using the novel approach known as Max-Margin Object 

Detection (MMOD), on a less greedy (lower threshold) NMS result that can keep multiple
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Figure 3.10: Suboptimal window (b) scores 7, while optimal windows (a, c) have a 
combined score of 12 [taken from (King, 2015)].

sub windows, thereby limiting the average loss of detections per training image. This 

leads to improved face detection that requires less positive training data and no negative 

training data, which can also result in faster computation. Considering the example in 

Figure 3.10, window scoring using the suboptimal method selects window (b) with a score 

of 7, and rejects the two windows (a, c), whereas King’s method selects both windows 

resulting in a noticeably improved score (6 +  6 =  12).

MMOD’s aim is similar to the popular support vector machine (SVM) classifier as it finds 

the maximum margin that satisfies some constraints with similar (SVM) parameters, but 

enables grouping of multiple subwindows with the assumption that entire HoG windows of 

training and test images do not always yield the best match. The HoG detector operates 

by creating an image pyramid and scanning the HoG detector over each pyramid level in 

a sliding window fashion. The image pyramid downsamples at a ratio of |. The window 

that passes the scoring function is part of the face detection result. Given image x and 

the window scoring function f , the ideal object detection procedure is defined by King 

(2015) as:

y* =  argmax E f  (x ,r)
yGu r £ y

(3.5)

Face Landmarks Prediction

Face keypoints are often referred to as landmarks in the literature. The breakthrough 

research by Kazemi and Sullivan (2014) enabled significantly faster prediction of face
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landmark points. The authors use an ensemble of regression trees to train and predict 

a set of keypoints that can be used to accurately align and segment the face before the 

classification stage. Moreover, face landmarks are automatically estimated, directly from a 

sparse subset of pixel intensities, allowing execution performance to surpass most realtime 

requirements at < 1 ms per image.

The landmark training stage uses an initial guess of the shape based on a set of randomly 

generated candidate splits of a given face, and selects the candidate that minimizes the 

sum of the squared error. A decision is made based on the difference between two pixel 

intensities at each split node in the regression tree. This defines coordinates of the mean 

shape of the face. Shrinkage and averaging are used as regularization methods in the 

gradient boosting learning procedure. In the case of shrinkage, each regression tree is 

multiplied by a learning rate parameter 0 < v < 1, while averaging involves individually 

training multiple trees.

During the landmark prediction stage, the mean shape is warped according to adjacent 

triplet keypoints of the learned model by calculating a similarity transform between the 

corresponding coordinates. The time complexity is reduced by calculating the transform 

and warping only once at each level of the cascade. Missed landmarks are catered for 

by using the weighted average of surrounding targets, and fitting regression trees to the 

weighted residuals. The resulting keypoints can be used to directly segment the face or 

first perform further processing such as pose alignment.

3.2.3 Palmprint Algorithms

Palmprints contain many features in common with fingerprints, but they also contain 

three flexion creases called principal lines and secondary creases called wrinkles (Ross 

et al., 2006). Only the principal lines are genetically dependent, while the wrinkles are 

unique even in identical twins. Furthermore, both types of creases can be effectively 

classified in low or high resolution images. A low resolution palmprint image is shown 

in Figure 3.11. On the other hand, minutiae-based classification in palmprints requires 

higher resolution images of at least 500 dots per inch (DPI) (Jain et al., 2011).
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Finger Valley Approach

A popular method for segmenting the palmprint, used extensively throughout the lit

erature (Anitha and Rao, 2015, Li et al., 2012, Methani and Namboodiri, 2009, Wang 

et al., 2007, Zhang et al., 2003), first requires the detection of valleys between the fin

gers, which can be used as keypoints. These keypoints are centred at the index-middle 

and ring-little finger valleys as depicted in Figure 3.12. The index-thumb valley is gener

ally not used for palm detection, but rather to eliminate the thumb for easier palmprint 

segmentation (Khan et al., 2014).

The finger valley keypoints are used to form the coordinate system for the segmentation 

proposed by Zhang et al. (2003). The system operates as follows:

1. The original image is binarized resulting in Figure 3.13a.

2. The boundary search algorithm starts at the bottom leftmost pixel and searches 

vertically for white pixels perpendicularly to the right with respect to the interme

diate gradient until a black pixel is found within the defined threshold (typically 50 

pixels), as seen in Figure 3.13b. If a black pixel is not found, the image is rotated 

90° and repeated until a black pixel is found within the threshold.

Figure 3.11: Principal lines and wrinkles are visible in a 75 DPI palmprint image from 
PolyU palmprint database.
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Figure 3.12: Main valley points (Pi and P2) [taken from (Zhang et al., 2003)].

3. The square ROI is thus bounded by p x - , p y - (i =  1,2) valleys, as shown in Fig

ure 3.13c.

4. The tangent of the valleys is computed by satisfying the inequality p y - < mpx.,- 

for all i and j .

5. The line perpendicular to the midpoint of the tangent is the centre of the square 

ROI, as shown in Figure 3.13e.

Maximum Inscribed Circle Approach

A maximum inscribed circle (MIC) makes contact with three or more captured data points 

and contains no data points within the solution (Zhang, 2004). Calculating the MIC of 

the white binary pixels of the hand, that is, hand pixels, finds the largest circle that can fit 

within the white pixels without discontinuity. This is useful for aligning and segmenting 

the palmprint from hand images without fingers or with a vague finger region. However,

it can also be combined with the finger valley keypoints for improved accuracy.
Zhang increased the radius of a circle with the centre starting at the centre-most hand

pixel and shifting to adjacent pixels in four directions, iteratively for every zero pixel 

reached. The resulting MIC is shown in Figure 3.14b. The following two works build on 

Zhang (2004)’s coordinate system.
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(a) Binarized palm
print image

(b) Boundary track
ing of the white pix
els in the binarized 
palmprint image

(e) Project ROI

(c) Boundary points

(f) Segmented palm- 
print image

F igure 3 .1 3 : Palmprint segmentation using valley points [taken from (Zhang et al., 
2003).

Ding and Ruan (2006) reported rotation, translation, and scale invariance by shifting the 

MIC toward the middle-ring finger valley known as the origin, as shown in Figure 3.14c. 

They argue that the MIC is often found close to the heel of the hand, which contains 

redundant information. The shifted MIC is called the maximum effective circle (MEC).

Choge et al. (2009) used the same coordinate system proposed by Zhang et al. (2003), but 

found the centre of the palmprint such that the radius passes through the index-middle 

and ring-little finger valleys. The circular ROI obtained is unwrapped in the form of a 

rectangular ROI with a fixed size. These approaches, however, do not cater for changes 

in either the circle centre or radius when the pose of the palmprint is changed and are 

thus, not optimized for palmprint images obtained via contactless sensors.
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(a) Binarized palm- (b) Zhang (2004)
print image MIC result

(c) Ding and Ruan 
(2006) MIC result 
with MEC

Figure 3.14: Palmprint segmentation using maximum inscribed circle.

3.2.4 Iris Algorithms

Iris sensors often capture the periocular region if the hardware does not automatically 

extract the iris (Ross et al., 2006). The periocular region consists of the eye and other 

features in close proximity, such as the eyebrows. While features other than the iris also 

contain discriminatory information, they can be dynamic, and are therefore, undesired.

Limbus boundary 

Collarette 

Pupil

Pupillary boundary 

Sclera

Figure 3.15: Periocular region [taken from (Jillela and Ross, 2016)].
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Iris Segmentation

I r i s  s e g m e n t a t i o n  i s  t h e  p r o c e s s  o f  p r u n i n g  t h e  i m a g e  o f  e v e r y t h i n g  b u t  t h e  r e g i o n  l y i n g  

b e t w e e n  t h e  i n n e r  a n d  o u t e r  b o u n d a r y  k e y p o i n t s  o f  t h e  i r i s ,  k n o w n  a s  t h e  p u p i l l a r y  a n d  

l i m b u s ,  i n  a n  i m a g e  u s u a l l y  c o n s i s t i n g  o f  t h e  p e r i o c u l a r  r e g i o n  ( J i l l e l a  a n d  R o s s , 2 0 1 6 ) .

T w o  p o p u l a r  t e c h n i q u e s  u s e d  t o  d e t e r m i n e  k e y p o i n t s  f o r  s e g m e n t a t i o n  o f  i r i s  i m a g e s  a r e  

t h e  i n t e g r o - d i f f e r e n t i a l  o p e r a t o r  a n d  t h e  H o u g h  t r a n s f o r m .  F i g u r e  3 . 1 5  s h o w s  t h e  p e r i o c 

u l a r  r e g i o n  -  t y p i c a l l y  c a p t u r e d  b y  “ i r i s  s e n s o r s ”  -  c o n t a i n i n g  t h e  i r i s ,  w h i c h  l i e s  b e t w e e n  

t h e  p u p i l l a r y  a n d  l i m b u s  b o u n d a r i e s .

Integro-differential operator

T h e  i n t e g r o - d i f f e r e n t i a l  o p e r a t o r  ( I D O )  p r o p o s e d  b y  D a u g m a n  ( 2 0 0 4 )  p e r f o r m s  a  s e p a r a t e  

b r u t e - f o r c e  s e a r c h  f o r  t h e  c e n t r e  a n d  r a d i u s  o f  t h e  i r i s .  T h i s  i s  a c h i e v e d  b y  c a l c u l a t i n g  

t h e  m a x i m u m  i n  t h e  b l u r r e d  d e r i v a t i v e  w i t h  r e s p e c t  t o  t h e  c i r c u l a r  t r a j e c t o r y  f o r m e d  b y  

t h e  i n c r e a s i n g  r a d i u s  o f  n o r m a l i z e d  c o n t o u r  i n t e g r a l s .  P a r a m e t e r s  a r e  s p e c i f i e d  f o r  t h e  

m i n i m u m  r a d i i  f o r  t h e  p u p i l l a r y  a n d  l i m b u s  b o u n d a r i e s .  T h e  r e s u l t i n g  c o m m o n  c e n t r e  

c o o r d i n a t e s  a n d  r a d i i  c o o r d i n a t e s  a r e  u s e d  a s  k e y p o i n t s  f o r  t h e  s e g m e n t a t i o n  p r o c e s s .  T h e  

o b t a i n e d  k e y p o i n t s  a l l o w  t h e  i r i s  t o  b e  s e g m e n t e d  i n  i m a g e  I ( x , y )  b y  f i r s t  a p p l y i n g  I D O  

o n  t h e  l i m b i c  b o u n d a r y  o f  t h e  i r i s ,  w h i c h  c a n  b e  e x p r e s s e d  a s :

max(r,Xo,yo) G(r) * I ir,xo,yo

1  ( x , y )

2 n r
d s ( 3 . 6 )

w h e r e

G a  ( r )
1

e x p
( r  -  r o ) 2 

2 a 2
( 3 . 7 )

r e p r e s e n t s  t h e  r a d i a l  G a u s s i a n  s m o o t h  o p e r a t i o n  w i t h  s c a l e  a  a n d  c e n t r e  r 0 . T h e  c o n v o 

l u t i o n  o p e r a t i o n  i s  d e n o t e d  b y  * ,  w i t h  r a d i u s  r  o f  t h e  c i r c u l a r  a r c  d s ,  w h i c h  i s  c e n t r e d
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a t  ( x 0 , y 0 ) .  L a s t l y ,  d i v i d i n g  b y  2 n r  n o r m a l i z e s  t h e  c i r c u l a r  i n t e g r a l  w i t h  r e s p e c t  t o  i t s  

p e r i m e t e r .

T h e  s a m e  p r o c e s s  i s  u s e d  f o r  t h e  p u p i l l a r y  b o u n d a r y ,  e x c e p t  t h a t  a  c o a r s e r  s c a l e  o f  c o n 

v o l u t i o n  a  i s  u s e d  t o  d i f f e r e n t i a t e  b e t w e e n  t h e  l i m b i c  a n d  p u p i l l a r y  b o u n d a r i e s .

HT-based iris segmentation

T h e  H o u g h  T r a n s f o r m  ( H T ) ,  p r o p o s e d  b y  W i l d e s  ( 1 9 9 7 ) , c a l c u l a t e s  t h e  p u p i l  a n d  i r i s  

b o u n d a r i e s  u s i n g  b i n a r y  e d g e  m a p s  f r o m  t h e  C a n n y  e d g e  d e t e c t o r  a l g o r i t h m  ( C a n n y , 

1 9 8 6 ) . V o t e s  a r e  a c c u m u l a t e d  t o  e s t i m a t e  t h e  p a r a m e t e r s  o f  t h e  b o u n d a r y  c o n c e n t r i c  

c i r c l e s .  T h e  v o t i n g  p r o c e d u r e  i s  c a r r i e d  o u t  i n  p a r a m e t e r  s p a c e ,  f r o m  w h i c h  c i r c u l a r  

c o n t o u r  c a n d i d a t e s  a r e  o b t a i n e d  a s  l o c a l  m a x i m a  i n  a n  a c c u m u l a t o r  s p a c e .  K e y p o i n t s  a r e  

o b t a i n e d  s i m i l a r l y  t o  t h e  I D O  a p p r o a c h .

T h e  u s e  o f  H T  f o r  i r i s  s e g m e n t a t i o n  i s  m a d e  p o s s i b l e  b y  f i t t i n g  t h e  o b t a i n e d  c i r c l e  x c , y c , r ,  

w h e r e  x c  a n d  y c d e n o t e  t h e  c e n t r e  c o o r d i n a t e s  a n d  r  t h e  r a d i u s .  T h e  a p p r o a c h  i s  p e r f o r m e d  

a s  f o l l o w s .  G i v e n  a n  i r i s  i m a g e  I ( x ,  y ) ,  t h e  e d g e  m a p  i s  h i g h l i g h t e d  b y  t h r e s h o l d i n g  t h e  

m a g n i t u d e  o f  t h e  i m a g e  i n t e n s i t y  g r a d i e n t :

|V G ( x , y )  *  1  ( x , y )| >  ( 3 . 8 )

w h e r e  V  =  ( d / d x , d / d y ) ,  a n d  t h  d e n o t e s  a n  e m p i r i c a l l y  c h o s e n  i n t e n s i t y  t h r e s h o l d .  F o r  a  

s e t  o f  e d g e  p o i n t s ,  ( x *, y ») ,  i  =  1 , 2 , . . . ,  n  a  H o u g h  t r a n s f o r m  d e t e c t s  c i r c u l a r  c o n t o u r s  u s i n g  

a c c u m u l a t o r  a r r a y  H ( x c , y c , r ) ,  w h i c h  i s  c o m p u t e d  a s  ( J i l l e l a  a n d  R o s s , 2 0 1 6 ) :

N
H ( x c , y c , r )  =  ^2 h ( x i , y i , x c, y c, r )  ( 3 . 9 )

i=1

w h e r e
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I 1, if g (xi, yi,x c,yc,r) =  0
h(xi,yi,xc,yc,r) =  < (3.10)

I 0, otherwise.

and

g(xi, yi ,x c, yc,r) =  (x  -  xc)2 +  (y  -  y2) -  r2 (3.11)

For each edge point (x*, y*), g(x*, y*, xc, yc, r) is set to zero if the parameter triplet (xc, yc, r) 

represents a circle through that point. The parameter triplet that maximizes H is selected 

to represent the contour of interest. The maximizing parameter triplet is determined by 

first building H (xc,yc,r) as an array and scanning for its largest value.

The same thresholding and voting process is used to determine the pupillary boundary, 

but with the following changes:

• The edge detector is not directionally tuned because the pupillary boundary is less 

prone to occlusion from the eyelids.

• The parameter values (xc,yc, r) are constrained within the limbus bound circle in

stead of within the entire image.

Jillela and Ross (2016) show that IDO and HT methods share similar accuracies and 

are both susceptible to over or under segmentation when presented with non-ideal iris 

images. While not by a large margin, the resulting offset affects the recognition accuracy. 

They use the HT method and combine it with a gradient-based edge detector tuned for 

horizontal edges to find the upper and lower eyelids to cater for their occlusion. The final 

boundary is cropped as shown in Figure 3.16.
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Figure 3.16: Keypoints for iris segmentation.

3.3 Feature Normalization and Extraction Algorithms

3.3.1 Feature Normalization within the ROI

Feature normalization algorithms, described in Section 3.1, are typically used before align

ing keypoints of biometric images for a more accurate segmentation result. This lowers 

the intra-class variation of entire images (global), but the lighting is often dependent on 

local regions and thus a secondary pass can be of benefit. Applying lighting normaliza

tion after segmentation can further reduce intra-class variations as the segmented image 

is the ROI -  local regions used for the classification step. However, greyscale pixels within 

the ROI often contain redundant information that reduces efficiency of data separation 

performed by classifiers. This is especially the case when scaling a biometric system to 

contain a large number of classes, that is, the curse of dimensionality. Feature extraction 

is a means of reducing the dimensionality by pruning features on the extremities of the 

spectrum, which often contain redundant information. This increases the potential for 

high inter-class separation for better discrimination between different classes.

3.3.2 Feature Extraction using Frequency Filters

The quality of the input image plays an important role in the performance of the feature 

extraction and matching algorithm (Chikkerur et al., 2007). Bandpass filters that can be
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tailored to remove low and high frequencies, increase the amplitude of the DC2 component 

of the image. This has the effect of increasing the dominant spectral components while 

attenuating the weak components.

The Gabor filter3 is often used to filter frequencies based on the texture patterns of images 

such as ridges of the fingerprint. It is constructed using a special short-time Discrete 

Fourier transform (DFT) by modulating a 2D sine wave at a particular frequency and 

orientation with a Gaussian envelope. A Gabor filter requires much tuning for specific 

orientations and frequencies to isolate the undesired noise while preserving the structure 

of a particular biometric (Budhi et al., 2010).

The Laplacian of Gaussian (LoG) filter can remove unwanted features on the high fre

quency spectrum before enhancing the remaining features, effectively increasing the DC 

component (Li et al., 2005). However, a side effect can occur when applying the fil

ter to badly aligned or poor quality images. This side effect is also prevalent in images 

with inconsistent lighting. The increased feature discrimination of LoG further highlights 

differences among multiple samples, leading to bad training and testing sets and conse

quently a lower recognition accuracy. Appropriate ROI selection during the segmentation 

of biometric images and subsequent feature normalization is thus imperative to the success 

of an image-based feature-fusion biometric system.

3.4 Feature Transformation and Classification

Image classifiers aim to express the most relevant image properties obtained from feature 

extraction, and typically produce a decision based on them (Chapelle et al., 1999). This 

often requires feature transformation, which expresses a feature vector in an alternate 

space -  this is a subspace representation of the features that improves discrimination

2Here DC is simply analogous to direct current. It is the part of a signal where the average positive 
and negative half cycles do not equal zero, and often carries the richest information.

3This was tested in our previous work and shown to be inconsistent, while requiring much tuning to 
be effective (Brown and Bradshaw, 2016a,b).
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and allows for further feature extraction. As a result, this representation can reduce di

mensionality and intra-class variation, allowing for high inter-class separation by better 

categorizing a particular class against other classes in the same dataset. The implementa

tions of the following image texture classification methods considered are biased more to 

the overfitting of data in a model than underfitting, which means these classifiers benefit 

more from the feature reduction techniques described in Section 3.3.2 (Brown and Brad

shaw, 2017a). However, after feature reduction, these texture-based features still have a 

relatively high dimensionality compared with point/minutiae-based features, which may 

require kernel-based classifiers that shift data to a higher dimension. The classifiers dis

cussed in this section are thus all linear and cope well with texture-based features. The 

three classifiers discussed in this section are Eigen, Fisher, and LBPH. These classifiers 

were popular in traditional face recognition applications. In the case of Eigen (similarly 

for Fisher), this was known as the classic “Eigenface” approach (Belhumeur et al., 1997). 

For simplicity purposes of this thesis, Eigen, Fisher, LBPH and SVM are all referred to 

as classifiers or methods that determine the class of an individual.

3.4.1 Eigen

To achieve ideal inter-class separation, the unique features relevant to a biometric modality 

needs to be isolated effectively. Statistical classifiers that operate in the Eigen space 

aim to maximize total scatter of the data to discriminate effectively between different 

individuals (Belhumeur et al., 1997).

This Eigen classifier relies on principal component analysis (PCA) to transform statisti

cally significant features that define a given set of feature (Eigen) vectors. These feature 

vectors are known as principal components, which can be used to construct an efficient 

model from samples to represent a given class. In other words, PCA performs feature 

extraction in Eigen space which allows the Eigen method to accept unprocessed feature 

vectors by simply selecting fewer principal components. The classification decision is made 

with preference to the nearest neighbour among eigenvalues between the trained model 

and the model to be tested during matching. The nearest neighbour is calculated as the
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Euclidean distance among eigenvalues. The k value of the nearest-neighbour classifier is 

set at k = 1 .

Given N sample images x, the total scatter matrix is defined as (Belhumeur et al., 1997):

N
S t  =  £ ( x fc -  ju)(xfc -  ^)T (3.12)

k=l

where ^ G  Rn is the mean image obtained from the samples.

3.4.2 Fisher

Although PCA is effective at maximizing the total scatter of data and reducing dimen

sionality, it does not consider the rest of the classes when characterizing a particular class. 

Under low noise or ideal conditions, this loses discriminative information on an inter-class 

level (Belhumeur et al., 1997). Linear discriminant analysis (LDA) aims to solve this 

by performing additional class-specific dimensionality reduction. This Fisher classifier is 

thus defined when LDA is used instead of PCA in the Eigen classifier procedure of the 

previous subsection. When the data is not noisy, Fisher is known to cluster same class 

data tightly and to better separate different classes in a lower-dimensional representation.

Given N sample images x and C classes, the inter-class scatter matrix is defined as:

C
S b =  ^  Nk(^k -  ^)(xk -  ^)T (3.13)

i = l

and the intra-class scatter matrix is defined as:

C
Sw =  (xk -  ^)(xk -  ^)T (3.14)

i=l XfcGXi

The equations show that the k value of the nearest-neighbour classifier is dependant on 

the number of samples per class. The dimensionality is guaranteed to be lower than
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the Eigen method as C -  1 is the maximum number of non-zero generalized eigenvalues 

(Belhumeur et al., 1997). The disadvantage of the Fisher method is that inconsistent data 

within classes such as inconsistent illumination or segmentation have a greater negative 

impact on classification performance than the Eigen method. Additionally, Fisher is more 

likely to underfit data than Eigen, but the reduced dimensionality that LDA offers allows 

Fisher to have lower training and substantially lower testing times. This is especially 

noticeable when using datasets with high numbers (> 5) of samples per class.

3.4.3 LBPH

Regular histogram matching is one of the simplest image matching methods. Local Binary 

Pattern Histograms (LBPH) is another texture feature descriptor for images that aims to 

capture a richer set of features and has been shown to achieve better performance than 

other histogram matching methods (Ahonen et al., 2006). As explained in Section 3.1.5, 

a local binary pattern operator transforms the neighbour pixel to a one if it is greater 

than the centre pixel and a zero if it is smaller than the centre pixel. LBPH uses circular 

neighbourhoods (ELBP) that are uniform such that the histogram has a separate bin for 

every pattern neighbourhood, and can group the same texture with a different lighting, 

scale and rotation. This results in the distinct advantage of lighting, scale and rotation 

invariant texture classification compared with Eigen and Fisher. LBPH uses a weighted 

Euclidean distance measure, known as Chi-squared distance, when performing nearest- 

neighbour classification, similarly to the Eigen method.

Given m circular neighbourhoods, their corresponding spatially enhanced histograms are 

determined, with a size of m x n, where n is the length of a single histogram. Training the 

advanced histogram model is also substantially faster that Eigen and Fisher. Furthermore, 

the training time is not significantly affected by the image resolution and it produces the 

smallest model size of the classifiers discussed in this section. However, testing time is 

significantly higher than Eigen and Fisher and is directly proportional to the number of 

circular neighbourhoods.
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3.4.4 Support Vector Machines

T h e  S V M  i s  a  s u p e r v i s e d  s t a t i s t i c a l  l e a r n i n g  m o d e l  t h a t  h a s  b e e n  u s e d  e x t e n s i v e l y  i n  

p a t t e r n  r e c o g n i t i o n  p r o b l e m s  ( B r o w n  a n d  B r a d s h a w , 2 0 1 7 a , C r a m m e r  a n d  S i n g e r , 2 0 0 1 , 

C h a p e l l e  e t  a l . , 1 9 9 9 ) . I t s  a d v a n t a g e  o v e r  m a n y  o t h e r  c l a s s i f i e r s  i s  t h a t  t h e  t r a i n i n g  t i m e  

i s  n o t  s i g n i f i c a n t l y  a f f e c t e d  b y  t h e  h i g h  d i m e n s i o n a l i t y  o f  f e a t u r e  v e c t o r s  f r o m  i m a g e s .  

A l t h o u g h  t h e  S V M  w a s  p u r p o s e d  t o  s o l v e  b i n a r y  c l a s s  p r o b l e m s ,  i t  w a s  e x t e n d e d  t o  

s u p p o r t  m u l t i - c l a s s  p r o b l e m s  ( C r a m m e r  a n d  S i n g e r , 2 0 0 1 ) . I n  a  b i n a r y  c l a s s  p r o b l e m ,  

S V M s  a i m  t o  m a x i m i z e  a  m a t h e m a t i c a l  f u n c t i o n  i n  h i g h e r - d i m e n s i o n a l  s p a c e ,  g i v e n  a  

c o l l e c t i o n  o f  d a t a  p o i n t s  t h a t  c o n s i s t  o f  t w o  c l a s s e s  t h a t  c a n  b e  s e p a r a t e d  b y  a  d e c i s i o n  

b o u n d a r y .

C o n s i d e r  t h e  t w o  c l a s s e s  S  +  =  { x i | y i =  1 }  a n d  S -  =  { x i | y i =  - 1 }  t h a t  a r e  l i n e a r l y

s e p a r a b l e  ( C r a m m e r  a n d  S i n g e r , 2 0 0 1 ) . T h i s  m e a n s  t h a t  t h e r e  i s  a t  l e a s t  o n e  b o u n d a r y  

t h a t  c a n  b e  f o r m e d  b e t w e e n  t h e m .  T h e  d a t a  p o i n t s  o f  s e t s  S +  a n d  S -  t h a t  a r e  l o c a t e d  

o n  t h e  b o u n d a r i e s  o f  t h e  m a r g i n  a r e  k n o w n  a s  t h e  s u p p o r t  v e c t o r s .  A  s i m p l e  r e s c a l e  o f  w 

f o r  a l l  x i t h a t  a r e  s u p p o r t  v e c t o r s  h o l d s  t h a t :

w  ■ x i +  b  = 1  ( 3 . 1 5 a )

w ■ x i +  b  =  - 1  ( 3 . 1 5 b )

T h e  d i s t a n c e  d  b e t w e e n  t h e  d e c i s i o n  b o u n d a r y  a n d  t h e  m a r g i n  c a n  b e  e x p r e s s e d  a s :

d
2

||w h
( 3 . 1 6 )

I n  h i g h e r - d i m e n s i o n a l  s p a c e ,  t h e  d e c i s i o n  b o u n d a r y  t h a t  a c h i e v e s  t h e  m a x i m u m  m a r g i n  

b e t w e e n  s e t s  S  +  a n d  S -  i s  k n o w n  a s  t h e  o p t i m a l  h y p e r p l a n e ,  w h i c h  a l l o w s  a n  S V M  t o  

m o d e l  n e w  d a t a  p o i n t s  e f f i c i e n t l y .
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3.5 Existing Biometric Systems

This section discusses well known related biometric systems as well as those using specific 

publicly available datasets that are of interest in this research.

3.5.1 Related Fingerprint Recognition Systems

Jain et al. (2000b) proposed FingerCode, which uses a tessellation of filtered fingerprint 

images centred at the reference point as a circular ROI containing 80 sectors. The ROI is 

further processed to generate eight-dimensional feature maps by computing their average 

absolute deviation features. Multiple FingerCode templates are created by rotating the 

resulting ROI by up to 45° in both directions to handle unaligned images. The matching 

performance of this method is directly proportional to the accuracy of determining the 

reference point, which is based on the quality of the fingerprint images. However, this 

FingerCode method cannot guarantee that a reference point will be found on every type 

of fingerprint image, such as the arch-type, and on very poor quality fingerprint images.

Xu et al. (2009) used a novel method referred to as spectral minutiae representation, which 

represents a minutiae set as a fixed-length feature vector that is invariant to translation 

and scaling. The experiments show that applying PCA and the DFT feature reduction al

gorithms on spectral minutiae effectively decrease feature dimensionality by 94%, without 

degrading the recognition performance. Subjects 101 -  144 of the MCYT dataset were 

tested and resulted in a 99% GAR (at 0% FAR) verification accuracy. Data for these 

particular test subjects are, however, not freely available.

The study by Simon-Zorita et al. (2003) evaluates the large MCYT fingerprint dataset 

focussing on the effect of position variability. This dataset was categorized as low, medium 

and high control -  referring to the restriction placed on positioning the finger during 

capturing. The authors employ a generic fingerprint feature extraction process using 

image enhancement, thinning and minutiae extraction as explained in earlier sections of 

this chapter. Their fingerprint matching approach is a multiple-reference strategy that
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uses the highest similarity score when using multiple training samples. They show that 

the samples with the most similarly positioned fingers achieve the highest similarity score 

while samples with low levels of control show significantly reduced performance.

The approach adopted by Chen et al. (2006b) focuses on improving matching by respecting 

non-linear distortions on the challenging FVC2004 dataset. The feature extraction process 

is generic, but only minutiae greater than 5-pixels distant from other pixels or from the 

border are captured. They use the normalized fuzzy similarity measure, which takes into 

account that the further minutiae pairs are apart the greater is the coordinate variance 

between matching (the same) minutiae of the database and input images. They compared 

their approach on the FVC2004 dataset to the traditional approach of Luo et al. (2000), 

which does not include the normalized fuzzy similarity measure.

Zuobin et al. (2017) use a subspace approach similar to PCA and LDA, but which retains 

more components that can be used as discriminative information during nearest-neighbour 

matching. This differs from traditional fingerprint recognition algorithms because it fo

cuses on multimodal biometric fusion at the feature level by testing the SDUMLA-HMT 

dataset. The feature extraction methods are not specified. The authors propose an ap

proach called intra-class and extra-class discriminative correlation analysis with the aim of 

eliminating intra-class correlation, while retaining sufficient dimensions of features for cor

relation analysis of inter-class differences. Moreover, their approach is said to outperform 

LDA at reducing intra-class correlation.

3.5.2 Related Face Recognition Systems

A well-known recent deep learning study by Facebook, referred to as DeepFace (Taigman 

et al., 2014), uses a nine-layer neural network with over 120 million parameters. This 

enables it to achieve high recognition accuracy at various pose angles by training with over 

4 million labelled faces. Disadvantages of this system are the requirement of large amounts 

of training data that are not necessarily readily available and substantial processing power. 

Systems tested on popular datasets are described below.
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Yi et al. (2013) proposed a robust face recognition algorithm using a 3D deformable model 

aimed at estimating the pose of face images with large pose variations. A set of Gabor 

filters is transformed according to generated parameters of the model into a feature vector. 

PCA is applied to capture what is deemed most relevant data from the feature vector. 

The “half-face” method, which uses the least occluded side of the face under occlusion 

conditions, is the key component to their approach as it improved system accuracy by 46%. 

The dot product is used to compute the similarity between resulting feature vectors of the 

training and test face images for matching. This method offers a significant improvement 

on face data only with large pose variations. The authors deduced that “traditional” 

approaches are only sufficient for low pose variation face data, which is often limited to 

frontal images.

A recent approach by Haghighat et al. (2016) automatically segments the face, performs 

frontalization and classifies the result without 3D modelling or deep learning. This is 

similar to another face recognition approach by Sagonas et al. (2015). The former ap

proach however, includes the half-face method for viewing angles that are greater than 

45°, which is not catered for in the method by Sagonas et al. Haghighat et al. aim to 

frontalize all faces (input and database) using a base mesh per individual without face 

detection preprocessing. The image features include a fusion of HoG and a vast num

ber of Gabor features using canonical correlation analysis, which involves finding linear 

combinations of variables with the highest correlation. The resulting feature vectors are 

matched using minimum distance classification (nearest neighbour) of the discrete cosine 

transform, which is similar to DFT but uses a function with data independent bases that 

capture a different pattern in the frequency spectrum. The disadvantage of this approach 

over other feature extraction methods is the substantial increase in complexity of 40 Ga

bor filters in five scales and eight orientations. Furthermore, near-frontal training samples 

are highly favoured over profile faces for achieving high accuracy, although performance 

is significantly better than traditional approaches.

The half-face frontalization method has been shown to improve the results for systems by 

both Yi et al. and Haghighat et al., outperforming nine similar systems (Haghighat et al., 

2016). Moreover, the study showed that Haghighat et al. ’s system outperforms the 3D
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deformable model of Yi et al. on the FERET b-series (Phillips et al., 1998) face dataset. 

Table 3.1 illustrates the improved performance of Haghighat et al.’s system compared to 

the second and third best systems.

Table 3.1: Face recognition rates of different approaches at eight viewing angles on the 
FERET b-series dataset (in %).

Method + 60° + 45° + 25° + 15° -1 5 ° -2 5 ° oiO1 - 6 0 °
Haghighat et al. (2016) 91.5 96 100 100 100 100 99 93.5
Sagonas et al. (2015) - 96 100 100 100 99 96.5 -
Yi et al. (2013) 93.75 98 98.5 99.25 99.25 98.5 98 93.75

Samet et al. (2016) proposed a face recognition system that uses a different method 

for dealing with pose variations; it assumes that the input and database face images 

of different poses can be represented by a linear combination of corresponding vectors. 

First it extracts eigenvectors using a 2D PCA. Linear regression is applied to reduce the 

Eigen coefficients of low variance principal components of the input face image. The 

mean squared error of the transformation result for the input image is compared with 

the database image. The process is repeated until the transformation matrix yields the 

lowest error, and is used to align the input image according to the database image. The 

Mahalanobis distance is used for matching images of the Fei dataset, which consists of 

images with large pose variations.

Shams et al. (2016) provide limited results on the face as part of a larger multimodal 

biometric study. Segmentation is performed on the face using Canny edge detection and 

a binary rectangular mask using unspecified parameters to produce a 64 x 64 fixed-size 

ROI. The feature extraction is performed on the ROI using three LBPV operators. The 

parameters for each are given as (1, 8), (2, 16) and (3, 16). The results of three LBPV 

feature vectors are weighted and classified using a combined learning vector quantization 

classifier, which is a neural network that uses the winner-take-all Hebbian learning-based 

approach.
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3.5.3 Related Palmprint Recognition Systems

Traditional palmprint recognition systems are more recent than those using the fingerprint 

and face (Ross et al., 2006). Subspace and principal line approaches are popular as 

they do not require high DPI sensors, which are more suited to extracting minutiae. 

While principal line methods rely on preprocessing and edge detectors for their extraction, 

subspace approaches such as PCA and LDA are often applied directly to the segmented 

ROI followed by a classifier.

Wu et al. (2002) designed two masks in the form of a vertical first-order derivative and a 

second-order derivative of palmprint images. Zero crossings of the first-order derivatives 

identify the edge points and corresponding directions, while the first-order derivatives 

give the corresponding magnitude. The weighted sum of the local directional magnitude 

is regarded as an element in the feature vector. These feature vectors are processed with 

min-max normalization and subsequently matched using the Euclidean distance.

Chen et al. (2006a) perform a 2D dual-tree complex transform on the preprocessed palm

prints to decompose the images. Dual-tree complex transforms are proposed to allow 

alignment invariance compared to the traditional wavelet transform. The transformed 

palmprints are further extracted using a DFT such that subbands are used as feature 

vectors for the SVM classifier.

Subha and Mariammal (2017) present a comparative analysis of line, scale invariant fea

ture transform (SIFT) and LBP as features for palmprint recognition systems. The line- 

based method considers principal lines and uses SOBEL edge detection and unspecified 

morphological operations for feature extraction thereof. The SIFT method searches over 

all scales and locations of the input and database images by using a difference of Gaus- 

sians (DoG) filter to highlight SIFT keypoints. A 3  x 3 window is used in the simple LBP 

method. The left and right palmprints are fused at the score level using the weighted 

sum rule. The Euclidean distance is used for matching the result for all three systems. 

The results for each method are compared on the IITD-Palmprint dataset and show 75%, 

95.65%, and 98.5% accuracy, respectively. Information on the dataset such as sample size, 

is not provided by the authors.
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Zhang et al. (2016) also produced a texture-based palmprint recognition system, which 

uses the difference between adjacent orientation pairs instead of Palmcode. Zhang et al. 

(2003)’s method is used to extract the ROI as described in Section 3.2.3. Six Gabor filters 

are used to extract features from the ROI to be used for matching based on the Hamming 

distance between adjacent orientation pairs of the Gabor filters. The system is tested on 

the CASIA-Palmprint dataset.

Badrinath and Gupta (2011) produced a palmprint recognition system using the Palmcode 

method -  similar to Fingercode, but based on palmprint texture. Palmprint segmentation 

is performed using Zhang et al. (2003)’s method for a square ROI. This system uses the 

nearest-neighbour approach on the texture within the ROI (Palmcode) for matching.

Morales et al. (2011) created a palmprint recognition system that performs matching on 

orthogonal line ordinal features (OLOF) and SIFT features. The proposed method, which 

is designed to be robust, uses the IITD-Palmprint to verify the performance. The adapted 

SIFT algorithm first performs Gaussian blur and Gabor filtering to highlight palmprint 

keypoints, while the OLOF approach uses the DoG applied thrice to the image at different 

angles: 0°; 30°; and 60°. The authors note that the min-max normalized matching scores 

of OLOF and SIFT are uncorrelated and are thus, effective for weighted fusion.

3.5.4 Related Iris Recognition Systems

The system of Wildes (1997) uses the obtained iris segmentation result and considers the 

pupil and iris boundaries as approximated circles for the localization process. Feature 

extraction is performed on the ROI using an isotropic bandpass filter, while normalized 

correlation is applied for the verification matching process. The study concluded that 

each iris is unique across subjects of widely differing ages (including those of twins and 

an individual’s left and right iris).

Daugman (2004) also used the resulting segmentation for iris verification. This system 

relies on Iriscode, which uses the same approach as Fingercode, but applies Hamming 

distance for matching instead of Euclidean distance.
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Podder et al. (2015) apply radial suppression that uses a non-separable wavelet transform 

to remove local high frequency information from the iris region to improve the recognition 

rate. Initial segmentation is performed using IDO. The authors consider eyelashes and 

eyelids as noisy information, and segment these as background data, while keeping only 

iris texture. They normalize the ROI size to be the same for all data and surround this 

region by a black border.

Umer et al. (2014) introduced a modified HT technique to reduce the original search space 

resulting in both faster execution time and improved accuracy. The technique is called 

restricted circular Hough transformation and can search specifically for circles bounded 

by the upper and lower eyelids. The algorithm achieves this by randomly selecting an 

initial position centre point and distributing all other points symmetrically around it at 

an iterated distance in search of the outer edge of the iris. Textures within two concentric 

circles are extracted, constituting the feature vectors of the iris. The individual feature 

vectors of each eye are combined into a larger vector, which is classified with a kernel 

SVM using a radial basis function with unspecified parameters. The dataset used by 

the authors is called IITD-Iris. They also tested their algorithm on three other datasets, 

achieving near-perfect verification rates.

Vishi and Yayilgan (2013) do not provide information on their particular biometric recog

nition algorithm, but state that VeriEye software was used to produce scores for the 

SDUMLA dataset.

3.5.5 Related Fusion Systems

Yao et al. (2007) proposed an accurate multimodal biometric system that fused the face 

and palmprint at feature level. Four Eigen-based face and palmprint feature-fusion algo

rithms were compared. The proposed method filters the EigenFaces and EigenPalms with 

a Gabor filter followed by weighted concatenation of the resulting feature vectors. The 

AR Face dataset was organized as a component to a fused dataset, with a resolution of 

60 x 60, and limited to the first 20 images per 119 individuals. Images in the palmprint
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dataset, provided by Hong Kong Polytechnic University, were matched to those used in 

the face dataset with the same number of samples per individuals. The proposed fusion 

method obtained its highest accuracy of 95% with six training samples, but achieved 91% 

with only one training sample.

Ahmad et al. (2010) proposed a similar system tested on ORL face and PolyU palmprint 

datasets. The resulting accuracy was a 99.5% GAR, with an unspecified FAR. The near

perfect accuracy is attributed to the use of the relatively small-scale ORL face dataset, 

limiting the fused dataset to 40 individuals and 10 samples in total per individual.

Rattani et al. (2011) created a multimodal biometric system by fusing face, fingerprint 

and palmprint images. They showed that good dimension reduction and normalization 

algorithms allow feature-level fusion to produce a lower EER than score-level fusion. 

Their feature-level fusion approach emphasises the selection of image regions of both 

modalities. This study concluded that fusing information from uncorrelated traits such 

as the face, fingerprint and palmprint at the feature level increases human identification 

accuracy. Significantly better FAR and FRR (and ERR) were achieved at the feature 

level compared to the score level, but experiments were performed on datasets that are 

not publicly available.

Other face, fingerprint and palmprint studies include (Karki and Selvi, 2013) and (Sharma 

and Kaur, 2013), both of which use a Curvelet transform followed by SVM classification. 

Unfortunately, both of these studies were tested using datasets that are not publicly 

available.

Paul and Gavrilova (2014) proposed a biometric system that performs feature-level fusion. 

They focus on producing an effective cancelable biometric system for template protection, 

while sustaining high accuracy.

A resolution of 75 x 50 is used on a pseudo multimodal dataset consisting of 858 images. 

The pseudo multimodal dataset consists of three face datasets and two ear datasets, 

respectively, that were obtained under different conditions. A nearest-neighbour classifier 

is used directly on the texture features with k =  7.
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At 0% FAR on the fused dataset, the authors’ proposed system achieves a verification ac

curacy of 96% compared with the 93% when using LDA feature extraction with Euclidean 

distance matching.

A decision-level biometric fusion system by Paul et al. (2014) tested the same pseudo 

multimodal dataset with the aim of overcoming the issue of varying (image) data quality. 

They show that fusing data at the score level, and including a final classification result 

at the decision level helps mitigate the varying data quality issue. The decision level uses 

the Fisher method, which is discussed in Section 3.4.

Eskandari and Toygar (2015) designed a robust fusion scheme for the face and iris at 

the feature level. They emphasise that feature alignment plays a pivotal role during the 

preprocessing step. A comprehensive set of experiments show the effect alignment has on 

recognition accuracy relative to the biometric data. The face is segmented and aligned 

using the detected eye position as reference. The segmented iris is rotated for alignment 

based on texture patterns. Furthermore, this system is made robust to noise by applying 

a backtracking search algorithm. The CASIA-Iris-Distance dataset, containing close-up 

near-infrared face images, was used for testing the importance of feature alignment.

The first 90 subjects and 10 random samples (50:50 split) were selected from the CASIA- 

Iris-Distance dataset, which consists of images of both the face and iris. The iris benefitted 

significantly from alignment with a 44% improvement to verification accuracy. Aligning 

the face improved verification accuracy by 7%. The face, both irises and face-iris fusion 

verification results were 87.33%, 71.55% and 94.44%, respectively at 0.1% FAR. Mul

timodal biometric fusion at the feature level achieves similar accuracies from different 

authors in the literature and they often use subspace algorithms such as Eigen, Fisher or 

similar frequency domain approaches, where they rely solely on reducing features in the 

subspace, instead of using feature extractors such as LoG, Gabor or LBP-based methods 

that can be used in the spatial domain for additional feature reduction purposes.

However, the more fundamental concerns of multimodal biometric studies at the feature 

level are the following:
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1. Availability of multimodal biometric datasets is relatively low, resulting in most 

experiments being carried out on pseudo versions of multimodal datasets.

2. Private unimodal datasets are used extensively in the literature limiting comparisons 

to other systems in some way.

3. Many multimodal feature-fusion systems perform human verification only or perform 

identification on a small subset of a large dataset.

4. The lack of EER, FAR and FRR metrics in most related studies limits a direct 

comparison to only system accuracy.

Many other fusion studies are available that clearly explain their method, testing proce

dure and results, but not at the feature level. Tran and Le (2015) proposed a biomet

ric system that performs score-level fusion on the ORL face and FVC2004 fingerprint 

datasets, which are publicly available. They use a texture-based approach with an SVM 

classifier.

Zernike Moment features are extracted by using the centre of the face and the core of 

the fingerprint as respective reference points. The extracted features per modality are 

separately trained using an SVM. Probability estimates produced by the SVM are used 

as matching score values for the face and fingerprint. The simple sum rule is used to fuse 

the face and fingerprint scores obtained from the SVM.

At 0.01% FAR, verification accuracies of 92.71%, 94.48% and 98.82% are reported for the 

face, fingerprint and fused dataset respectively. The high accuracy is again attributed to 

the use of the relatively small-scale ORL face dataset, and the authors limited the fused 

dataset to 40 individuals and 8 samples in total per individual, similar to the study by 

Ahmad et al. (2010). The authors also show that the relevance vector machine and SVM 

achieve similar accuracies on those datasets.

The following two studies use the publicly available SDUMLA-HMT multimodal biometric 

database and record their results as follows.
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Vishi and Yayilgan (2013) use images from two modalities in SDUMLA-HMT to perform 

verification on the fingerprint and iris. The individual scores acquired from these modal

ities are first normalized using TanH, and subsequently fused at the score level using 

Maximum Score. Unfortunately, further details on their approach are not revealed, but 

this study is included due to the use of a multimodal dataset (SDUMLA-HMT) of inter

est. Their test procedure used 100 individuals and the first five samples, but the training 

and test sample split is not provided. The fingerprint images are selected from one out of 

the four sensors -  FPR620 -  which they state has the best quality and performance, while 

FT-2BU achieved the worst performance, but these explicit results are not given. Their 

fingerprint, iris and fused “accuracy values” are given as GAR values of 1.01%, 3.30% and 

0.004%, respectively.

Khellat-Kihel et al. (2016) combine the fingerprint, fingervein and fingerknuckle using 

feature-level fusion by concatenation resulting in 633 components. A 2D Gabor filter is 

used for feature extraction but with unspecified parameters. They enhance the result 

by further reducing dimensionality using kernel Fisher analysis (KFA) resulting in only 

105 components. KFA is an extension of LDA that allows for non-linear mappings where 

the dot product is replaced by a higher-dimensional kernel function. The fingerprint and 

fingervein datasets are obtained from the SDUMLA-HMT multimodal database with 106 

subjects. Verification results are calculated using the atypical cosine distance4 instead 

of Euclidean or Mahalanobis. The research shows promising results when using KFA for 

feature reduction. However, the training and test sample ratio is not provided nor are the 

sensors specified. This study shows that feature level fusion can result in worse accuracy 

as denoted by the higher EERs for the PCA and LDA approaches as shown in Table 3.2.

4Similarity measure is calculated as the smallest difference between the cosine angles of two vectors.
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Table 3.2: Comparing the verification performance of KFA, PCA and LDA on individual 
and fused modalities [taken from (Khellat-Kihel et al., 2016)].

Approach Modality EER(%)
KFA Fingerprint 13.6
KFA Fingervein 8.4
KFA Fingerknuckle 8.4
PCA Fused 35.6
LDA Fused 38.0
KFA Fused 0.04

3.6 Summary

This chapter presented the algorithms used in implementing fingerprint, face, palmprint 

and iris biometric systems. Related studies particular to each biometric modality were 

discussed, including some using specific datasets that are later compared with the results 

of the proposed biometric systems implemented by combining the presented algorithms 

in a variety of ways. The next chapter gives an overview of the proposed methodology 

for implementing these algorithms to create a variety of biometric systems and sets out 

the experimental conditions.



Chapter 4

Experimental Setup

B e f o r e  a t t e m p t i n g  t o  c r e a t e  n e w  m u l t i m o d a l  b i o m e t r i c  s y s t e m s ,  i t  w a s  n e c e s s a r y  t o  a s 

c e r t a i n  t h e  b e s t  m e t h o d s  f o r  i m p l e m e n t i n g  h i g h l y  a c c u r a t e ,  u n i m o d a l  b i o m e t r i c  s y s t e m s .  

H e n c e ,  m u c h  e x p e r i m e n t a t i o n  w a s  d o n e  o n  e a c h  o f  t h e  f o u r  m o d a l i t i e s  c h o s e n  f o r  t h i s  

r e s e a r c h .  T h e  n e x t  f o u r  c h a p t e r s  d o c u m e n t  t h e  e x p e r i m e n t a l  w o r k  o n  u n i m o d a l  b i o m e t r i c  

s y s t e m s  u s i n g  f i n g e r p r i n t ,  f a c e ,  p a l m p r i n t  a n d  i r i s  i m a g e s ,  r e s p e c t i v e l y .  S i n c e  o n l y  i m a g e -  

b a s e d  m o d a l i t i e s  a r e  u s e d  i n  t h i s  r e s e a r c h ,  c o m m o n a l i t i e s  o b s e r v e d  d u r i n g  t h e  c r e a t i o n  o f  

t h e  u n i m o d a l  b i o m e t r i c  s y s t e m s  w e r e  u s e d  t o  a s s i s t  i n  f i n d i n g  o p t i m a l  f e a t u r e s  t h a t  c o u l d  

b e  c o m b i n e d  i n  t h e  f u s i o n  e x p e r i m e n t s  d i s c u s s e d  i n  C h a p t e r  9 .

T h i s  c h a p t e r  d e s c r i b e s  t h e  a p p r o a c h  u s e d  i n  a l l  e x p e r i m e n t s  o n  b o t h  u n i m o d a l  a n d  m u l 

t i m o d a l  b i o m e t r i c  s y s t e m s .  F i r s t ,  i n  S e c t i o n  4 .1  a n  o v e r v i e w  o f  t h e  g e n e r a l i z e d  a p p r o a c h ,  

r e l e v a n t  t o  a l l  m o d a l i t i e s ,  i s  g i v e n .  T h e  s t r u c t u r e  o f  t h e  d a t a s e t s  u s e d  f o r  o p e n - s e t  i d e n 

t i f i c a t i o n  f o r  t h e  f o u r  m o d a l i t i e s  i s  e x p l a i n e d  i n  S e c t i o n s  4 . 3  t o  4 . 6 , w h i l e  t h e  e v a l u a t i o n  

p r o c e d u r e ,  c o m m o n  t o  a l l  b i o m e t r i c  s y s t e m s ,  i s  d i s c u s s e d  i n  S e c t i o n  4 . 7 . F i n a l l y ,  S e c 

t i o n  4 . 8  d e t a i l s  t h e  h a r d w a r e  a n d  s o f t w a r e  u s e d  i n  i m p l e m e n t i n g  t h e  v a r i o u s  t e s t  b i o m e t r i c  

s y s t e m s .

67
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4.1 Overview of the Experimental Approach

T h e  b i o m e t r i c  s y s t e m s  t e s t e d  w e r e  e a c h  c r e a t e d  u s i n g  t h e  g e n e r a l i z e d  a p p r o a c h  p r e s e n t e d  

i n  t h i s  s e c t i o n  a n d  i l l u s t r a t e d  i n  F i g u r e  4 . 1 . A  v a r i e t y  o f  a l g o r i t h m s  w e r e  u s e d  f o r  t h e  

e x p e r i m e n t a l  f i n g e r p r i n t ,  f a c e ,  p a l m p r i n t  a n d  i r i s  b i o m e t r i c  s y s t e m s .  A l g o r i t h m s  c o m m o n  

t o  a l l  m o d a l i t i e s  a r e  m e n t i o n e d  i n  t h i s  c h a p t e r ,  w h i l e  t h o s e  s p e c i f i c  t o  a  p a r t i c u l a r  m o d a l i t y  

a r e  e x p l a i n e d  i n  t h e  r e l e v a n t  c h a p t e r .

F o r  e a c h  b i o m e t r i c  s y s t e m  ( c r e a t e d  p e r  m o d a l i t y ) ,  t r a i n i n g  a n d  t e s t  i m a g e s  a r e  p r o c e s s e d  

i n  a  s i m i l a r  w a y  f r o m  a  h i g h  l e v e l  p e r s p e c t i v e  a s  d e s c r i b e d  i n  S e c t i o n  4 . 1 . 2 . A  d e t a i l e d  

a p p r o a c h  s p e c i f i c  t o  e a c h  m o d a l i t y  i s  d o c u m e n t e d  i n  t h e  r e l e v a n t  c h a p t e r s .

4.1.1 Preprocessing

T h e  p r o p o s e d  s y s t e m s  b e g i n  p r o c e s s i n g  b y  c o n v e r t i n g  t h e  c o l o u r  s p a c e  o f  a l l  i m a g e s  t o  t h e  

g r e y s c a l e  r a n g e  0  -  2 5 5 .  A s  d i s c u s s e d  i n  S e c t i o n  3 . 4 , w e l l - a l i g n e d  t e x t u r e  a n d  c o n s i s t e n t  

i l l u m i n a t i o n  l e v e l s  o f  a  b i o m e t r i c  i m a g e  a r e  k e y  f a c t o r s  i n  m i n i m i z i n g  i n t r a - c l a s s  v a r i a t i o n s .  

H o w e v e r ,  t o  o b t a i n  a c c u r a t e  k e y p o i n t s  t h a t  a r e  r e q u i r e d  i n  t h e  t e x t u r e  a l i g n m e n t  p r o c e s s ,  

c o n s i s t e n t  i l l u m i n a t i o n  l e v e l s  a r e  i m p o r t a n t .  T h e  s t a n d a r d  p i x e l  n o r m a l i z a t i o n  m e t h o d ,  

e x p l a i n e d  i n  S e c t i o n  3 . 1 . 1 , i s  u s e d  t o  n o r m a l i z e  l i g h t i n g  a s  i t  h a s  f e w  t o  n o  k n o w n  s i d e  

e f f e c t s .  H E  a n d  C L A H E  a r e  k n o w n  t o  b e  m o r e  e f f e c t i v e  f o r  e x t r e m e  c a s e s  b u t  c a n  c a u s e  

s i d e  e f f e c t s ,  a n d  a r e  t h u s  e x p l o r e d  p e r  m o d a l i t y  i n  t h e  r e l e v a n t  c h a p t e r s .

4.1.2 Modality Specific Algorithms

T h i s  i s  a  g e n e r i c  s e c t i o n  t h a t  d e s c r i b e s  t h e  c o m p u t e r  v i s i o n  t e c h n i q u e s  u s e d  t o  p r o d u c e  

a  w e l l - a l i g n e d  R O I  f o r  a  p a r t i c u l a r  m o d a l i t y .  T h e  “ s p e c i f i c  e n h a n c e m e n t ”  s t e p  r e f e r s  t o  

l i g h t i n g  n o r m a l i z a t i o n  a n d  e n h a n c e m e n t  a l g o r i t h m s  t h a t  i m p r o v e  k e y p o i n t  d e t e c t i o n  w h e n  

a p p l i e d  t o  t h a t  p a r t i c u l a r  m o d a l i t y .  T h e  r e s u l t i n g  k e y p o i n t s  a r e  u s e d  a s  a n c h o r i n g  p o i n t s  

f o r  c r o p p i n g ,  w i t h  r e s p e c t  t o  t h e  i m a g e s  o f  a  p a r t i c u l a r  m o d a l i t y ,  t o  o b t a i n  a p p r o p r i a t e l y
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Figure 4 .1 : O v e r v i e w  o f  g e n e r a l i z e d  e x p e r i m e n t a l  a p p r o a c h .
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s e g m e n t e d  i m a g e s ,  t h a t  i s  t h e i r  R O I s .  H o w e v e r ,  c r o p p i n g  i s  p e r f o r m e d  o n  t h e  o r i g i n a l  

i m a g e s  i n s t e a d  o f  t h e  p r e p r o c e s s e d  i m a g e s ,  r e s u l t i n g  i n  a n  R O I  t h a t  r e t a i n s  t h e  o r i g i n a l  

l i g h t i n g .  T h e  r e a s o n  f o r  t h i s  i s  e x p l a i n e d  i n  t h e  n e x t  s e c t i o n .  A d d i t i o n a l l y ,  t h e  d e t a i l e d  

p r o c e s s  p e r  m o d a l i t y  i s  d i s c u s s e d  w i t h  r e s p e c t  t o  C h a p t e r s  5  t o  8 .

4.1.3 Postprocessing

D u r i n g  t h i s  s t a g e ,  f e a t u r e  e x t r a c t i o n  t a k e s  p l a c e  o n  t h e  R O I s  p r o d u c e d  b y  r e s p e c t i v e  

m o d a l i t y  s p e c i f i c  a l g o r i t h m s .  H o w e v e r ,  t h e  l i g h t i n g  n o r m a l i z a t i o n  m e t h o d s  u s e d  d u r i n g  

p r e p r o c e s s i n g  c o u l d  a l s o  b e  a p p l i e d  t o  t h e  s e g m e n t e d  i m a g e s  ( c o n t a i n i n g  o r i g i n a l  l i g h t i n g ) ,  

s i n c e  h i s t o g r a m  m e a s u r e s  a r e  m o r e  l o c a l i z e d  a t  t h i s  p r o c e s s i n g  s t e p .  T h e  s e c o n d  a p p l i 

c a t i o n  o f  p i x e l  n o r m a l i z a t i o n  i s  t h u s  m o r e  e f f e c t i v e  o n  t h e  f e a t u r e s  w i t h i n  t h e  R O I  a s  i t  

e x c l u d e s  b a c k g r o u n d  n o i s e  t h a t  i n t e r f e r e s  w i t h  t h e  p r o c e s s .  H o w e v e r ,  n o r m a l i z i n g  i m a g e s  

w i t h  l a r g e r  f l u c t u a t i o n s  o f  l i g h t i n g  i n  t e r m s  o f  i n t r a - c l a s s  s a m p l e s  c a n  i n t r o d u c e  n o i s e  w h e n  

u s i n g  h i s t o g r a m - b a s e d  m e t h o d s  s u c h  a s  H E  a n d  C L A H E  a s  d i s c u s s e d  i n  S e c t i o n  3 . 1 . 2 .

A s  w a s  e s t a b l i s h e d  i n  S e c t i o n s  3 . 1 . 5  a n d  3 . 1 . 6 , t h e  c i r c u l a r  L B P  m e t h o d s ,  E L B P  a n d  

L B P V ,  a r e  e f f e c t i v e  a t  c h a r a c t e r i z i n g  l i g h t i n g ,  b u t  a r e  t e x t u r e  f e a t u r e  e x t r a c t o r s .  S i n c e  

t h e s e  f e a t u r e s  i n c l u d e  s o m e  s p o r a d i c  t e x t u r e s  r e s u l t i n g  f r o m  b i l i n e a r  i n t e r p o l a t i o n ,  s p a r s e  

v e r s i o n s  o f  t h e  E L B P  a n d  L B P V  o p e r a t o r s  a r e  t h u s  p r o p o s e d  i n  t h i s  r e s e a r c h  t o  a c t  a s  

a l t e r n a t i v e s  t o  t r a d i t i o n a l  l i g h t i n g  n o r m a l i z a t i o n  a l g o r i t h m s .  F u r t h e r m o r e ,  t h e  L B P V  

o p e r a t o r  i s  m o d i f i e d  b y  u s i n g  t h e  r e s u l t  o f  t h e  o r i g i n a l  i m a g e  s u b t r a c t e d  f r o m  t h e  L B P V  

p r o c e s s e d  i m a g e .  T h i s  i s  t h e o r i z e d  t o  f u r t h e r  e n h a n c e  l i g h t i n g  n o r m a l i z a t i o n  b y  m i t i g a t i n g  

v a r i a n c e s  i n  n e i g h b o u r h o o d  c o n t r a s t ,  a n d  i s  h e n c e f o r t h  k n o w n  a s  E L B P V .  T h e s e  o p e r a t o r s  

a r e  h e n c e  e x p l o r e d  i n  t h e  f o l l o w i n g  e x p e r i m e n t a l  c h a p t e r s  a s  a n  a l t e r n a t i v e  t o  h i s t o g r a m -  

b a s e d  l i g h t i n g  n o r m a l i z a t i o n  a p p r o a c h e s .  T h e  p a r a m e t e r s  u s e d  a n d  t h e  c o m p a r i s o n  w i t h  

o t h e r  m e t h o d s  a r e  s h o w n  i n  S e c t i o n  5 . 3 . 2 .  I t  i s  t o  b e  n o t e d  t h a t  t h e s e  m e t h o d s  ( i n c l u d i n g  

L B P V )  a r e  n o t  a p p l i e d  t o  L B P H  d u r i n g  c l a s s i f i c a t i o n  a s  t h e y  i n v o k e  s i m i l a r  o p e r a t i o n s  

a l r e a d y  p e r f o r m e d  b y  L B P H .

I t  i s  t h e o r i z e d  t h a t  u s i n g  m o d i f i e d  E L B P  a n d  E L B P V  o p e r a t o r s  f o r  l i g h t i n g  n o r m a l i z a t i o n  

c a n  m i t i g a t e  t h e  u n w a n t e d  e f f e c t s  o f  t h e  L o G  f i l t e r  t h a t  a r e  d e s c r i b e d  i n  S e c t i o n  3 . 3 . 2 ,
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a n d  t h u s  a  L o G  f i l t e r  t h a t  f a v o u r s  b a n d p a s s  f r e q u e n c i e s ,  i s  a p p l i e d  t o  t h e  r e s u l t  o f  t h e s e  

m o d i f i e d  o p e r a t o r s .  T h e  L o G  p a r a m e t e r s  w e r e  t u n e d ,  d u r i n g  t h e  v a l i d a t i o n  s e c t i o n  o f  t h e  

m o d a l i t y  s p e c i f i c  a l g o r i t h m s ,  s t a r t i n g  a t  a  b a s e  k e r n e l  s i z e  o f  3  x  3  a n d  u s i n g  a n  i n c r e a s i n g  

i n c r e m e n t  o f  t h r e e  u p  t i l l  1 9  x  1 9 .  L a r g e  G a u s s i a n  a n d  s m a l l e r  L a p l a c i a n  k e r n e l s  g a v e  

f a v o u r a b l e  r e s u l t s  a k i n  t o  w e l l - t u n e d  G a b o r  f i l t e r s  a n d  w e r e  a l s o  m o r e  c o n s i s t e n t  a n d  h a d  

f a s t e r  p r o c e s s i n g  s p e e d s .  T h e  r e s u l t i n g  c o m b i n a t i o n s  o f  E L B P  a n d  E L B P V  w i t h  t h e  L o G  

f i l t e r  t e n d  t o  r e d u c e  t h e  n u m b e r  o f  r e d u n d a n t  f e a t u r e s  i n  i m a g e  s p a c e .  T h e  s y n e r g y  o f  

t h e s e  r e s u l t i n g  c o m b i n a t i o n s  a r e  t h u s  p r o m i s i n g  f o r  e f f i c i e n t  b i o m e t r i c  f u s i o n .  T o  t h e  

b e s t  o f  o u r  k n o w l e d g e ,  n o  e x i s t i n g  b i o m e t r i c  s y s t e m  p e r f o r m s  l i g h t i n g  n o r m a l i z a t i o n  a n d  

f e a t u r e  r e d u c t i o n  i n  t h i s  w a y .

T h e  s u f f i x  H E ,  L ,  L B P L  o r  L B P V L  i s  a d d e d  t o  t h e  c l a s s i f i e r  n a m e  t o  s p e c i f y  H E ,  L o G ,  o r  

c o m b i n a t i o n s  o f  E L B P  a n d  E L B P V  a s  a  p o s t p r o c e s s i n g  m e t h o d ,  r e s p e c t i v e l y .  L B P V L  i s  

d e s i g n e d  t o  m a k e  m o d a l i t i e s  a s  u n c o r r e l a t e d  a s  p o s s i b l e  b e f o r e  f u s i o n ,  w i t h o u t  j e o p a r d i z i n g  

t h e  i n t e g r i t y  o f  f e a t u r e s  o f  s t a n d a l o n e  m o d a l i t i e s .

T h e  w i d t h  a n d  h e i g h t  o f  i m a g e  R O I s  w e r e  r e s i z e d  t o  t h e i r  n e a r e s t  5 0 th p i x e l ,  w i t h  s o m e  

e x c e p t i o n s ,  t o  m i n i m i z e  d i s t o r t i o n  a n d  t o  s i m p l i f y  t h e  r e s i z e  p r o c e s s  w h e n  f u s i n g  a n d  

s u b s e q u e n t l y  c l a s s i f y i n g .  T h i s  s i m p l i f i c a t i o n  r e f e r s  t o  t h e  c o m p a t i b i l i t y  a c r o s s  f e a t u r e  

v e c t o r s  w h e n  f u s i n g  m o d a l i t i e s  u s i n g  e i t h e r  t h e  f e a t u r e  v e c t o r  c o n c a t e n a t i o n  m e t h o d  o r  

f e a t u r e  v e c t o r  a v e r a g i n g  m e t h o d ,  a s  d i s c u s s e d  i n  C h a p t e r  9 . T h e  r e s u l t i n g  p o s t p r o c e s s e d  

i m a g e s  a r e  o u t p u t t e d  t o  a  t e x t  f i l e  a s  1 D  v e c t o r s  f o r  c l a s s i f i c a t i o n .

4.1.4 Classification

E i g e n ,  F i s h e r ,  L B P H  a n d  l i n e a r  S V M  a r e  a m o n g  s e v e r a l  m e t h o d s  t h a t  c a n  s o l v e  p a t t e r n  

r e c o g n i t i o n  p r o b l e m s .  T h e s e  f o u r  m e t h o d s  a l l  s o l v e  l i n e a r  p r o b l e m s  a n d  a r e  w e l l  s u i t e d  t o  

c h a r a c t e r i z i n g  t e x t u r e  f e a t u r e s  a s  d i s c u s s e d  i n  S e c t i o n  3 . 4 . T h e  p u r p o s e  o f  t h i s  r e s e a r c h  

w a s  t o  i n v e s t i g a t e  t h e  e f f e c t s  o f  b i o m e t r i c  f u s i o n ,  a n d  n o t  t o  o p t i m i z e  a t  t h e  c l a s s i f i c a t i o n  

s t a g e .  T h e r e f o r e ,  a d d i t i o n a l  c l a s s i f i e r s  s u c h  a s  l o g i s t i c  r e g r e s s i o n ,  d e e p  l e a r n i n g  a n d  s e v e r a l  

o t h e r s  w e r e  c o n s i d e r e d  t o  b e  b e y o n d  t h e  s c o p e  o f  t h i s  r e s e a r c h .
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T h e  E i g e n ,  F i s h e r ,  L B P H  a n d  l i n e a r  S V M  m e t h o d s  a r e  a p p l i e d  u s i n g  t h e  t r a i n i n g  a n d  t e s t  

i m a g e s  a c q u i r e d  a f t e r  p o s t p r o c e s s i n g .  T h e s e  c l a s s i f i e r s  a r e  t h u s  u s e d  o n  t h e  r e s i z e d  a n d  

p o s t p r o c e s s e d  s e g m e n t e d  t e x t u r e  f e a t u r e s  i n  a l l  e x p e r i m e n t s  f o r  c o m p a r i s o n .  P a r a m e t e r  

t u n i n g  o f  a l l  t h e  c l a s s i f i e r s  a r e  p e r f o r m e d  d u r i n g  t h e  v a l i d a t i o n  s e c t i o n  o f  t h e  m o d a l i t y  

s p e c i f i c  a l g o r i t h m s .  T h e  c l a s s i f i e r s  u s e  o n e  o r  m o r e  t r a i n i n g  d a t a  s a m p l e s  t o  p r e d i c t  t h e  

c o r r e c t  i d e n t i t y  o f  a  t e s t  s a m p l e  ( o r  r e j e c t  a n  i m p o s t e r  f o r  o p e n - s e t  i d e n t i f i c a t i o n ) .  T h e s e  

t r a i n i n g  s a m p l e s  a r e  s e p a r a t e d  f r o m  t h e  t e s t  s a m p l e s  t h e r e b y  e n s u r i n g  t h a t  t e s t  d a t a  i s  

u n s e e n .  A s  i t  i s  i m p r a c t i c a l  t o  f i t  t h e  l a r g e  n u m b e r  o f  c o m b i n a t i o n s  o f  c l a s s i f i e r s  a n d  

f e a t u r e s  i n  t h e  e x p e r i m e n t a l  c h a p t e r s ,  c o m p a r i s o n s  a r e  o f t e n  l i m i t e d  t o  t h e  b e s t  p e r f o r m 

e r s  w i t h  u n e x p e c t e d  r e s u l t s  o f  a l t e r n a t i v e  c o m b i n a t i o n s  a l s o  m e n t i o n e d .  A l l  p a r a m e t e r s  

i n c l u d i n g  r e s o l u t i o n  a r e  u n c h a n g e d  p e r  d a t a s e t  u n l e s s  o t h e r w i s e  m e n t i o n e d .

T h e  E i g e n ,  F i s h e r  a n d  L B P H  m e t h o d s ,  o r i g i n a l l y  d e s i g n e d  f o r  f a c e  r e c o g n i t i o n ,  a r e  e x 

p e c t e d  t o  w o r k  c o m p a r a b l y  o n  o t h e r  b i o m e t r i c s .  T h e  L B P H  m e t h o d  d o e s  n o t  r e q u i r e  

r e t r a i n i n g  a n d  i s  s p e c i f i c a l l y  d e s i g n e d  f o r  t e x t u r e - b a s e d  m a t c h i n g .  A l l  t h r e e  m e t h o d s  u s e  

t h e  n e a r e s t - n e i g h b o u r  d i s t a n c e  t o  m a k e  a  d e c i s i o n  o n  t h e  c o r r e c t  c l a s s  w h e n  n o  t h r e s h o l d  

i s  a p p l i e d .  W h e n  a  t h r e s h o l d  i s  a p p l i e d  ( o p e n - s e t  i d e n t i f i c a t i o n ,  w h e r e  F P I R  =  1 0 0 ) ,  a n d  

t h e  n e a r e s t - n e i g h b o u r  d i s t a n c e  f a l l s  a b o v e  t h i s  r e q u i r e m e n t ,  t h e  i n p u t  i m a g e  i s  r e j e c t e d  

a s  a n  i m p o s t e r .

T h e  l i n e a r  S V M ,  p o p u l a r  a s  a  g e n e r a l  c l a s s i f i e r ,  i s  u s e d  f o r  i t s  s c a l a b i l i t y  o v e r  k e r n e l - b a s e d  

v e r s i o n s  a n d  s i n c e  i t  r e m o v e s  m o r e  d a t a  p o i n t s  t h a t  d o  n o t  a d h e r e  t o  t h e  m a x i m u m  m a r g i n  

w i t h o u t  r e q u i r i n g  s u b s t a n t i a l  p a r a m e t e r  t u n i n g  ( T a n g , 2 0 1 3 ) . F u r t h e r m o r e ,  k e r n e l - b a s e d  

m e t h o d s  p r e f e r  l o w e r  d i m e n s i o n a l  d a t a  t h a n  t h a t  u s e d  i n  t h e  t e s t  s y s t e m s .  E v e n  t h e  l i n e a r  

S V M  r e q u i r e s  r e l a t i v e l y  l i t t l e  t r a i n i n g  d a t a  c o m p a r e d  t o  t h e  o t h e r  t h r e e  c l a s s i f i e r s  a n d  

t h u s  i s  o f  i n t e r e s t  t o  s e e  t h e  i n t e r a c t i o n s  w i t h  t e x t u r e - b a s e d  f e a t u r e s  u s e d  i n  t h e  p r o p o s e d  

a p p r o a c h .  T h i s  l i n e a r  S V M  u s e s  t h e  o n e - v e r s u s - a l l  m e t h o d  t o  h a n d l e  t h e  m u l t i - c l a s s  

p r o b l e m s  o f  i d e n t i f i c a t i o n  a n d  p r o b a b i l i t y  e s t i m a t e s  t o  r e j e c t  i m p o s t e r s .

T h e  S V M  u s e s  a  d i f f e r e n t  m e a s u r e  t o  a c c e p t / r e j e c t  a  c l a s s .  A  l o g i s t i c  s i g m o i d  i s  u s e d  t o  

c o n v e r t  t h e  d e t e r m i n i s t i c  d e c i s i o n  w e i g h t s  i n t o  p r o b a b i l i t y  e s t i m a t e s  u s i n g  t h e  f o r m u l a  o f  

P l a t t  ( 1 9 9 9 ) :
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P ( y | X )  =  1 / ( 1  +  e x p ( S  +  *  f  ( X )  +  S - ) )  ( 4 . 1 )

O v e r f i t t i n g  t h e  m o d e l  i s  p r e v e n t e d  b y  u s i n g  a n  i n t e r n a l  f i v e - f o l d  c r o s s  v a l i d a t i o n .  T h e  

d i s a d v a n t a g e  o f  u s i n g  t h e  S V M  t o  r e j e c t  i m p o s t e r s  i n  t h i s  w a y  i s  t h e  i n c r e a s e d  c o m p u t a 

t i o n a l  c o m p l e x i t y  c o m p a r e d  t o  n o t  u s i n g  p r o b a b i l i t y  t o  m a k e  t h e  f i n a l  d e c i s i o n .  F i n a l l y ,  

m u l t i - c l a s s  s u p p o r t  i s  e n a b l e d  f o r  i d e n t i f i c a t i o n  b y  u s i n g  t h e  o n e - v e r s u s - r e s t  m e t h o d  p r o 

p o s e d  b y  H s u  a n d  L i n  ( 2 0 0 2 ) . T h e  L i b l i n e a r  l i b r a r y  a l l o w s  m u l t i - t h r e a d i n g  w h e n  u s i n g  

t h e  a b o v e  m e t h o d .

4.2 Organized Open-set Identification Classes

T h e  d a t a s e t s  t o g e t h e r  w i t h  t h e i r  c o r r e s p o n d i n g  a c q u i s i t i o n  t e c h n i q u e s  a r e  d e s c r i b e d  i n  

t h e  s e c t i o n s  t h a t  f o l l o w .  O r g a n i z i n g  d a t a  f o r  o p e n - s e t  i d e n t i f i c a t i o n  i s  g e n e r a l l y  t h e  m o s t  

c h a l l e n g i n g .  T h e  f o l l o w i n g  s e c t i o n s  d i s c u s s  t h e  s t r u c t u r e  o f  t h e  d a t a s e t s  u s e d  t o  m e a s u r e  

o p e n - s e t  i d e n t i f i c a t i o n  p e r f o r m a n c e .

F o r  t h e  p u r p o s e  o f  t h i s  r e s e a r c h ,  v e r i f i c a t i o n  i s  c o n s i d e r e d  t o  p e r f o r m  a  1 - t o - 1  m a t c h  

w i t h  a  s i n g l e  t r a i n i n g  s a m p l e  u n l e s s  s t a t e d  o t h e r w i s e .  I m p o s t e r s  i n  v e r i f i c a t i o n  t e s t s  

a r e  r e g a r d e d  a s  a l l  c l a s s e s  m i n u s  t h e  c l a s s  t o  b e  v e r i f i e d  -  t h e  s t a n d a r d  m e t h o d  u s e d  

i n  b i o m e t r i c  l i t e r a t u r e .  T r a i n i n g  a n d  t e s t  d a t a  a r e  c l a s s e d  d i f f e r e n t l y  f o r  i d e n t i f i c a t i o n  

a c c o r d i n g  t o  e a c h  d a t a s e t  a n d  a r e  d e s c r i b e d  i n  t h e  f o l l o w i n g  s e c t i o n s  w h e r e  i n f o r m a t i o n  i s  

a v a i l a b l e .  U n l e s s  o t h e r w i s e  s t a t e d  t h e  c l a s s e s  a n d  c o r r e s p o n d i n g  i m a g e  s a m p l e s  a r e  s o r t e d  

i n  a l p h a n u m e r i c a l  o r d e r  w i t h  n o  o t h e r  c h a n g e s  t o  t h e  d a t a s e t s .  N o n - c l a s s  d a t a  s a m p l e s  

a r e  n o t  t a k e n  f r o m  d i f f e r e n t  d a t a s e t s  a s  t o  a v o i d  a c q u i r i n g  t h e m  u n d e r  v a s t l y  d i f f e r e n t  

c o n d i t i o n s ,  w h i c h  c a n  b e  d i f f e r e n t i a t e d  b y  t h e  a l g o r i t h m .  I n s t e a d ,  t h e  e x p e r i m e n t s  a r e  

m a d e  c h a l l e n g i n g  b y  s p l i t t i n g  t h e  d a t a s e t s  i n t o  c l a s s e s  a n d  n o n - c l a s s e s  s u c h  t h a t  b o t h  a r e  

a c q u i r e d  u n d e r  n e a r - i d e n t i c a l  c o n d i t i o n s  t o  r e d u c e  d i s c r i m i n a t i o n .

T h e  t o t a l  n u m b e r  ( t )  o f  N  s a m p l e s  a r e  a r r a n g e d  i n t o  d  t r a i n i n g  s a m p l e s  f o r  g e n e r a t i n g  

t h e  d a t a b a s e  m o d e l ,  a n d  p  t e s t  s a m p l e s ,  o f  w h i c h  e a c h  c l a s s  i s  p r e d i c t e d .  T h e  n u m b e r  o f
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t r a i n i n g  s a m p l e s  u s e d  i s  d e n o t e d  b y  p r e f i x i n g  t h e  n u m b e r  b e f o r e  t h e  c l a s s i f i e r  n a m e  f o r  e . g .  

“ 1 - E i g e n ”  d e n o t e s  o n e  t r a i n i n g  s a m p l e  u s e d  w i t h  t h e  E i g e n  c l a s s i f i e r .  D u e  t o  t h e  v a r y i n g  

a n d  o f t e n  l i m i t e d  n u m b e r  o f  s a m p l e s  p e r  i n d i v i d u a l ,  t h e  t e s t  s a m p l e s  a r e  c a l c u l a t e d  a s  

f o l l o w s  u n l e s s  n o t e d  o t h e r w i s e :

N ( p )  =  £  N ( t ) i  -  N ( d ) i ,  ( 4 . 2 )

i

w h e r e  i  i s  t h e  s u m  o f  c l a s s e s  a n d  n o n - c l a s s e s .  T h e  i n d i v i d u a l  c l a s s  t o  n o n - c l a s s  r a t i o s  a r e  

g i v e n  a t  t h e  e n d  o f  e a c h  d a t a s e t  d e s c r i p t i o n  i n  t h e  s e c t i o n s  t h a t  f o l l o w .

4.3 Fingerprint Datasets

4.3.1 M CYT

T h e  e n t i r e  f i n g e r p r i n t  c a p t u r i n g  p r o c e s s  w a s  p e r f o r m e d  u n d e r  s u p e r v i s i o n  o f  a n  o p e r a t o r  

( O r t e g a - G a r c i a  e t  a l . , 2 0 0 3 ) . T h e  t w o  d i f f e r e n t  f i n g e r p r i n t  s e n s o r s  u s e d  i n  t h i s  p r o c e s s  

w e r e :

•  C M O S - b a s e d  c a p a c i t i v e  c a p t u r e  d e v i c e ,  m o d e l  1 0 0 S C  b y  P r e c i s e  B i o m e t r i c s  w i t h  

a  r e s o l u t i o n  o f  5 0 0  D P I  ( 3 0 0  x  3 0 0 ) .  T h e  l i g h t i n g  w a s  l e s s  c o n s i s t e n t  o n  t h e  d a t a  

c o l l e c t e d  w i t h  t h i s  s e n s o r  c o m p a r e d  w i t h  t h e  o p t i c a l  s e n s o r .

•  O p t i c a l  c a p t u r e  d e v i c e ,  m o d e l  U a r e U  b y  D i g i t a l  P e r s o n a  w i t h  a  r e s o l u t i o n  o f  5 0 0  

D P I  ( 2 5 6  x  4 0 0 ) .

A  t o t a l  o f  1 2  s a m p l e s  o f  e a c h  o f  1 0  f i n g e r p r i n t s  p e r  1 0 0  i n d i v i d u a l s  w e r e  a c q u i r e d  w i t h  t h e s e  

t w o  d e v i c e s ,  r e s u l t i n g  i n  2 4 0  i m a g e s  p e r  i n d i v i d u a l .  V a r i a b i l i t y  i n  f i n g e r p r i n t  p o s i t i o n i n g  

o n  t h e  s e n s o r  w a s  i n c l u d e d  t o  s i m u l a t e  r e a l - w o r l d  c o n d i t i o n s .  T h e  d a t a s e t  c a p t u r e d  w i t h  

t h e  o p t i c a l  s e n s o r  i s  u s e d  f o r  o p e n - s e t  i d e n t i f i c a t i o n .  T h e  1 2  s a m p l e s  p e r  f i n g e r p r i n t  w e r e  

g r o u p e d  b y  t h e  a u t h o r s  a s  f o l l o w s  ( F i g u r e  4 . 2 ) :
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a b c

F igure 4 .2 : L o w ,  m e d i u m  a n d  h i g h  l e v e l s  o f  c o n t r o l  i n  f i n g e r p r i n t  p o s i t i o n i n g / c o n -  

s t r a i n t s .

( a )  L o w  l e v e l  o f  c o n t r o l  -  t h r e e  s a m p l e s  w e r e  a r b i t r a r i l y  p o s i t i o n e d  w i t h o u t  l o o k i n g  a t  

t h e  s e n s o r ,  b u t  w i t h  t h e  o p e r a t o r  e n s u r i n g  t h a t  a t  l e a s t  o n e  c o r e / d e l t a  f e l l  w i t h i n  

t h e  i m a g e  r e g i o n  b e f o r e  c a p t u r e .

( b )  M e d i u m  l e v e l  o f  c o n t r o l  -  t h r e e  s a m p l e s  w e r e  c a p t u r e d  w h i l e  p o s i t i o n e d  w i t h i n  a  

d e s i g n a t e d  r e c t a n g l e  o n  t h e  s e n s o r  s h o w n  t o  t h e  u s e r  o n  t h e  s c r e e n .

( c )  H i g h  l e v e l  o f  c o n t r o l  -  t h e  r e m a i n i n g  s i x  s a m p l e s  w e r e  c a p t u r e d  s i m i l a r l y  t o  t h e  

m e d i u m  l e v e l ,  b u t  c o n f i n e d  t o  a  s m a l l e r  r e c t a n g l e  o n  t h e  s c r e e n .

P r i o r  t o  e x p e r i m e n t a t i o n ,  c l a s s  a n d  n o n - c l a s s  ( i m p o s t e r )  d a t a  w e r e  d i s t i n g u i s h e d  a s  d i s 

c u s s e d  b e l o w .

C lass data

A l l  f i n g e r p r i n t s  e x c e p t  f r o m  f i n g e r s  4  a n d  9  w e r e  u s e d ,  r e s u l t i n g  i n  8 0 0  c l a s s e s .  T h e  o r d e r  

o f  s a m p l e s  f o r  e a c h  i n d i v i d u a l  w a s  r e v e r s e d  s u c h  t h a t  t h e  f i r s t  s i x  s a m p l e s  ( f i n g e r s  0 - 5 )  

w e r e  o f  t h e  h i g h  c o n t r o l  g r o u p .  T w e l v e  d a t a  s a m p l e s  w e r e  s h a r e d  b e t w e e n  t r a i n i n g  a n d  

t e s t i n g .
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N o n -cla ss data

F i n g e r p r i n t s  f r o m  f i n g e r s  4  a n d  9  w e r e  n o t  u s e d  f o r  t r a i n i n g ,  a n d  h e n c e  w e r e  r e g a r d e d  a s  

t h e  n o n - c l a s s  s e t  o f  2 0 0 .

4.3.2 FVC2004

F V C 2 0 0 4  i s  a  p o p u l a r  c h a l l e n g i n g  c o l l e c t i o n  o f  f i n g e r p r i n t  d a t a s e t s  b e c a u s e  d e l i b e r a t e  

n o i s e  w a s  i n t r o d u c e d  s u c h  a s  w e t  f i n g e r s  a n d  e x a g g e r a t e d  d i s t o r t i o n  t h e r e b y  d r a m a t i c a l l y  

i n c r e a s i n g  i n t r a - c l a s s  v a r i a t i o n .  T h e  d a t a s e t  a c q u i r e d  b y  t h e  C r o s s M a t c h  V 3 0 0  o p t i c a l  

s e n s o r ,  k n o w n  a s  D B 1 ,  c o m p r i s e s  e i g h t  s a m p l e s  f o r  e a c h  o f  1 0 0  d i f f e r e n t  f i n g e r s  r e s u l t i n g  i n  

8 0 0  f i n g e r p r i n t s  i n  t o t a l  ( M a l t o n i  e t  a l . , 2 0 0 9 ) . T h i s  i s  k n o w n  t o  b e  t h e  m o s t  c h a l l e n g i n g  

d a t a s e t  a s  i t  g e n e r a l l y  s u f f e r s  s i g n i f i c a n t l y  h i g h e r  E E R s .  T h e s e  1 0 0  d i f f e r e n t  f i n g e r s  w e r e  

c h o s e n  f r o m  f o u r  d i f f e r e n t  f i n g e r s  o f  3 0  s u b j e c t s  a n d  m a d e  p u b l i c l y  a v a i l a b l e .  T h e s e  

c h a l l e n g e s  r e s u l t e d  i n  g r o u p s  o f  f i n g e r p r i n t s  d i s t i n g u i s h e d  a s  f o l l o w s :

( a )  A t y p i c a l  f i n g e r p r i n t  p l a c e m e n t  a t  d i f f e r e n t  v e r t i c a l  p o s i t i o n s

( b )  L o w  o r  h i g h  p r e s s u r e  a p p l i e d  a g a i n s t  t h e  s e n s o r

( c )  E x a g g e r a t e d  s k i n  d i s t o r t i o n  a n d  r o t a t i o n  b y  c o m b i n i n g  ( a )  a n d  ( b )

( d )  D r y  o r  w e t  f i n g e r s

F u r t h e r m o r e ,  a  m i n i m u m  q u a l i t y  w a s  n o t  e n f o r c e d  a n d  t h e  s e n s o r s  w e r e  n o t  c l e a n e d  

b e t w e e n  s e s s i o n s .  L a s t l y ,  t h e  a c q u i s i t i o n  o f  d i f f e r e n t  f i n g e r s  w a s  i n t e r l e a v e d  i n  a n  e f f o r t  

t o  m a x i m i z e  p l a c e m e n t  d i f f e r e n c e s  o f  i n t r a - c l a s s  f i n g e r p r i n t s .

C lass data

T h e  D B 1  d a t a s e t  o f  f i n g e r p r i n t s  o b t a i n e d  f r o m  t h e  i n d e x  f i n g e r  w e r e  s e t  i n t o  5 0  c l a s s e s  

w i t h  e i g h t  d a t a  s a m p l e s  s h a r e d  b e t w e e n  t r a i n i n g  a n d  t e s t i n g .
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N o n -cla ss data

T h e  f i n g e r p r i n t  i m p r e s s i o n s  o f  t h e  r e m a i n i n g  5 0  c l a s s e s  w e r e  u s e d  a s  n o n - c l a s s  s e t s .  T h e  

g e n u i n e - i m p o s t e r  r a t i o  i s  t h u s  5 0 : 5 0 .

4.3.3 SDUMLA Fingerprint

T h e  f i n g e r p r i n t  d a t a  a r e  t a k e n  f r o m  t h e  m u l t i m o d a l  d a t a s e t  k n o w n  a s  S D U M L A - H M T  

( Y i n  e t  a l . , 2 0 1 1 ) , w h i c h  i s  r e f e r r e d  t o  a s  a  t r u e  m u l t i m o d a l  d a t a s e t  b e c a u s e  t h e  s a m e  1 0 6  

i n d i v i d u a l s  a r e  u s e d  t o  c a p t u r e  i m a g e s  f o r  e a c h  m o d a l i t y .

T h e  f i n g e r p r i n t  d a t a b a s e  c o n t a i n s  f i x e d  1 5 2  x  2 0 0  r e s o l u t i o n  i m a g e s  c a p t u r e d  e i g h t  t i m e s  

p e r  t h u m b ,  i n d e x  a n d  m i d d l e  f i n g e r  o f  b o t h  h a n d s ,  f o r  1 0 6  i n d i v i d u a l s  u s i n g  t h e  5 0 0  D P I  

F T - 2 B U  c a p a c i t i v e  f i n g e r p r i n t  s c a n n e r  b y  M i a x i s  B i o m e t r i c s .  T h e  i n d i v i d u a l s  w e r e  6 1  

m a l e s  a n d  4 5  f e m a l e s  a g e d  b e t w e e n  1 7  a n d  3 1 .  T h i s  d a t a s e t  c o n t a i n s  t h e  m o s t  p a r t i a l s  

a n d  v a r i e s  f r o m  g o o d  t o  b a d  q u a l i t y ,  b u t  a r e  n o t  g r o u p e d  a c c o r d i n g l y .  F u r t h e r m o r e ,  t h e  

l e f t  a n d  r i g h t  h a n d s  a r e  n o t  s p e c i f i c a l l y  l a b e l l e d .

C lass data

F i n g e r p r i n t s  o b t a i n e d  f r o m  t h e  l e f t  i n d e x  f i n g e r  w e r e  s e t  i n t o  1 0 6  c l a s s e s .

N o n -cla ss data

T h e  f i n g e r p r i n t  i m p r e s s i o n s  o f  t h e  l e f t  m i d d l e  f i n g e r s  w e r e  u s e d  a s  n o n - c l a s s  s e t s .  T h e  

c l a s s  t o  n o n - c l a s s  r a t i o  i s  t h u s  5 0 : 5 0 .
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4.4 Face Datasets

4.4.1 Feret

T h e  F E R E T  b - s e r i e s  ( P h i l l i p s  e t  a l . , 1 9 9 8 )  d a t a s e t  i s  a  s u b s e t  o f  F E R E T  f a c e  t h a t  c o n s i s t s  

o f  2 0 0  i n d i v i d u a l s  w i t h  s a m p l e s  a r r a n g e d  a s  e i g h t  p o s e  a n g l e s  r a n g i n g  f r o m  - 6 0 °  ( s u b j e c t ’ s 

l e f t )  t o  + 6 0 °  ( s u b j e c t ’ s  r i g h t ) ,  a n d  t h r e e  f r o n t a l  p o s e s  a t  a p p r o x i m a t e l y  0 ° .  T h e  F E R E T -  

b  s u b s e t  w a s  u s e d  b e c a u s e  t h e  o r i g i n a l  d a t a s e t  h a d  a  v a r y i n g  n u m b e r  o f  s a m p l e s ,  o f t e n  

l i m i t e d  t o  o n l y  o n e  o r  t w o  p e r  p e r s o n ,  w h i c h  i s  n o t  s u f f i c i e n t  f o r  i d e n t i f i c a t i o n .  T h i s  s u b s e t  

w a s  u s e d  f o r  v a l i d a t i o n  o n l y .

C lass data

E l e v e n  s a m p l e s  o f  t h e  f i r s t  1 0 0  i n d i v i d u a l s  d e s c r i b e d  a b o v e  w e r e  a r r a n g e d  f o r  e a c h  o f  t h e  

1 0 0  c l a s s e s  s u c h  t h a t  t h e  f r o n t a l  p o s e s  w e r e  f i r s t ,  f o l l o w e d  b y  - 6 0 °  t o  + 6 0 ° .

N o n -cla ss data

I m a g e s  f r o m  t h e  s e c o n d  1 0 0  i n d i v i d u a l s  w e r e  o r g a n i z e d  i d e n t i c a l l y  t o  t h e  c l a s s  d a t a .

4.4.2 Fei

T h e  F E I  f a c e  d a t a s e t  ( T h o m a z  a n d  G i r a l d i , 2 0 1 0 ) , c o n s i s t i n g  o f  1 4  s a m p l e s  f o r  e a c h  o f  2 0 0  

i n d i v i d u a l s ,  w a s  u s e d  i n  t h e  e x p e r i m e n t a t i o n .  D e t a i l s  a b o u t  t h i s  d a t a s e t  w e r e  a c q u i r e d  

f r o m  f i l e  m e t a d a t a .  T h e  i m a g e s  w e r e  c a p t u r e d  a t  a  r e s o l u t i o n  o f  6 4 0  x  4 8 0 ,  f / 4 . 5  a p e r t u r e ,  

1 8 . 7  f o c a l  l e n g t h  a n d  u s i n g  a  S o n y  D S C - W 1 .  T h e  f i r s t  t e n  s a m p l e s  w e r e  c a p t u r e d  a t  9 0 ° ,  

7 5 ° ,  6 0 ° ,  4 5 °  a n d  1 5 °  i n  b o t h  h o r i z o n t a l  d i r e c t i o n s .  T h e  r e m a i n i n g  f o u r  f r o n t a l  s a m p l e s  

c o n t a i n e d  v a r i e d  f a c i a l  e x p r e s s i o n s  a n d  i n  a d d i t i o n  t h e  l a s t  s a m p l e  f o r  e a c h  i n d i v i d u a l  w a s  

s i g n i f i c a n t l y  d a r k e r  a n d  n o t  f u l l y  v i s i b l e  w i t h o u t  b r i g h t n e s s  c o m p e n s a t i o n .  T h e  d a t a  w e r e  

s p l i t  e q u a l l y  s u c h  t h a t  t h e  f i r s t  1 0 0  i n d i v i d u a l s  w e r e  m a l e  a n d  t h e  s e c o n d  1 0 0  i n d i v i d u a l s  

w e r e  f e m a l e .
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C lass data

T h e  c l a s s  d a t a  c o m p r i s e d  t h e  f i r s t  5 0  m a l e s  a n d  f i r s t  5 0  f e m a l e s .  T h e  o r d e r  o f  t h e  s a m p l e s  

w a s  r e t a i n e d .

N o n -cla ss data

I m a g e s  o f  t h e  r e m a i n i n g  5 0  m a l e  a n d  f e m a l e  i n d i v i d u a l s  w e r e  u s e d  a s  n o n - c l a s s  s e t s .

4.4.3 PUT Face

T h e  P U T  f a c e  d a t a s e t  ( K a s i n s k i  e t  a l . , 2 0 0 8 ) , c o n s i s t i n g  o f  1 0 0  i n d i v i d u a l s ,  w a s  a l s o  

u s e d  i n  t h e  e x p e r i m e n t a t i o n .  T h e  i m a g e s  w e r e  c a p t u r e d  a t  a  r e l a t i v e l y  h i g h  r e s o l u t i o n  o f  

2 0 4 8  x  1 5 3 6  f i n e  q u a l i t y  u s i n g  a  F u j i f i l m  F i n e P i x  6 9 0 0  Z o o m  c a m e r a .  E a c h  s a m p l e  w a s  

t a k e n  a t  a  d i f f e r e n t  p o s e  a n g l e ,  r a n g i n g  u p  t o  6 0 ° ,  i n  a l l  d i r e c t i o n s  p e r m i s s i b l e  b y  t h e  n e c k ,  

s t a r t i n g  w i t h  a  l e f t  p o s e  t h r o u g h  t h e  n e u t r a l  p o s i t i o n  t o  a  r i g h t  p o s e  f o l l o w e d  b y  u p  a n d  

d o w n  a n d  s o  f o r t h .  I n  o t h e r  w o r d s ,  t e n  t r a n s i t i o n s  h o r i z o n t a l l y ,  v e r t i c a l l y  a n d  d i a g o n a l l y  

a n d  f i v e  d u p l i c a t e s  i n  t h e  n e u t r a l  p o s i t i o n  w e r e  o b t a i n e d ,  r e s u l t i n g  i n  8 5  s a m p l e s  p e r  

i n d i v i d u a l .

C lass data

T h e  d a t a  w e r e  c l a s s e d  t o  c o n t a i n  i m a g e s  o f  t h e  f i r s t  5 0  i n d i v i d u a l s .  T h e  o r d e r  o f  t h e  

s a m p l e s  w a s  r e t a i n e d .

N o n -cla ss data

I m a g e s  o f  t h e  r e m a i n i n g  5 0  i n d i v i d u a l s  w e r e  u s e d  a s  n o n - c l a s s  s e t s .
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4.4.4 SDUMLA Face

T h i s  d a t a s e t  w a s  a c q u i r e d  f r o m  t h e  f a c e s  o f  t h e  s a m e  1 0 6  i n d i v i d u a l s  u s e d  i n  t h e  S D U M L A  

f i n g e r p r i n t  d a t a s e t  ( s e e  S e c t i o n  4 . 3 . 3 ) . T h e  s a m p l e s  c o v e r e d  2 1  p o s e  v a r i a t i o n s ,  f o u r  f a c i a l  

e x p r e s s i o n s ,  t w o  i l l u m i n a t i o n  l e v e l s ,  a n d  t w o  a c c e s s o r i e s .  T h e  s u b j e c t  w a s  5 0  c m  f r o m  t h e  

c a m e r a .  T h e  p o s e  v a r i a t i o n s  w e r e  o m i t t e d  a n d  t h e  f o l l o w i n g  e i g h t  s a m p l e s  w e r e  u s e d  i n  

o r d e r :

( a )  T w o  a c c e s s o r i e s  -  g l a s s e s  a n d  h a t

( b )  F o u r  v a r i e d  e x p r e s s i o n s  -  s m i l e ,  f r o w n ,  s u r p r i s e ,  a n d  c l o s e d  e y e s

( c )  T w o  v a r i e d  i l l u m i n a t i o n  l e v e l s  -  o n e  b r i g h t  i l l u m i n a t i o n  l e v e l  u s i n g  a  l a m p  a n d  o n e  

w i t h o u t  t h e  l a m p

C lass data

T h e  e i g h t  s a m p l e s ,  i n  t h e  o r d e r  d e s c r i b e d  a b o v e ,  o f  t h e  f i r s t  3 1  m a l e s  a n d  2 3  f e m a l e s  w e r e  

s e t  i n t o  5 4  c l a s s e s .  I n  o t h e r  w o r d s ,  t h e  f i r s t  s a m p l e  o f  e a c h  c l a s s  s h o w s  t h e  s u b j e c t  w e a r i n g  

g l a s s e s .

N o n -cla ss data

T h e  r e s t  o f  t h e  i n d i v i d u a l s  c o n s i s t i n g  o f  3 0  m a l e s  a n d  2 2  f e m a l e s  w e r e  u s e d  a s  n o n - c l a s s  

d a t a .

4.5 Palmprint Datasets

T h e  d e v i c e s  u s e d  i n  c r e a t i n g  t h e  p a l m p r i n t  d a t a s e t s  d e s c r i b e d  i n  t h i s  s e c t i o n ,  c a p t u r e d  

t h e  e n t i r e  h a n d .
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4.5.1 CASIA-Palmprint

F o r  t h i s  p a l m p r i n t  d a t a s e t ,  e i g h t  s a m p l e s  p e r  h a n d  o f  3 1 2  i n d i v i d u a l s  a t  a  r e s o l u t i o n  o f  

4 8 0  x  6 4 0  w e r e  c a p t u r e d  w i t h  a n  i n - h o u s e  s e n s o r  d e v i c e  t h a t  r e q u i r e d  p l a c e m e n t  o f  t h e  

h a n d  i n s i d e  t h e  d e v i c e  w i t h o u t  t h e  u s e  o f  p e g s  t o  c o n s t r a i n  f i n g e r  p o s i t i o n s  a s  s e e n  i n  

F i g u r e  4 . 3  ( Z h e n a n  e t  a l . , 2 0 1 6 ) . T h e  i n s i d e  o f  t h e  d e v i c e  c o n t a i n s  a  u n i f o r m  b a c k g r o u n d  

a n d  e v e n l y  d i s t r i b u t e s  i l l u m i n a t i o n  w h i l e  c a p t u r i n g  w i t h  a  C M O S  s e n s o r ,  r e s u l t i n g  i n  

8 - b i t  g r a y - l e v e l  J P E G  i m a g e s .

F igure 4 .3 : E n c l o s u r e  o f  t h e  C A S I A - P a l m p r i n t  i n - h o u s e  s e n s o r  d e v i c e  [ t a k e n  

f r o m  ( Z h e n a n  e t  a l . , 2 0 1 6 ) ].

C lass data

L e f t  p a l m p r i n t s  w e r e  p l a c e d  i n t o  c l a s s e s .

N o n -cla ss data

R i g h t  p a l m p r i n t s  w e r e  m i r r o r e d  a n d  s i m i l a r l y  p l a c e d  i n t o  n o n - c l a s s  s e t s .
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F igure 4 .4 : D e v i c e  u s e d  t o  c a p t u r e  h a n d  i m a g e s  f o r  t h e  P o l y U  d a t a s e t  [ t a k e n  

f r o m  ( Z h a n g  e t  a l . , 2 0 1 0 ) ] .

4.5.2 PolyU Palm

P a l m p r i n t  i m a g e s  w e r e  c o l l e c t e d  f r o m  2 5 0  v o l u n t e e r s ,  i n c l u d i n g  1 9 5  m a l e s  a n d  5 5  f e m a l e s  

w i t h  a n  a g e  d i s t r i b u t i o n  b e t w e e n  2 0  t o  6 0  y e a r s  ( Z h a n g  e t  a l . , 2 0 1 0 ) . S i x  i m a g e s  f o r  e a c h  

h a n d  w e r e  c o l l e c t e d  i n  e a c h  o f  t w o  s e p a r a t e  s e s s i o n s ,  a t  a  r e s o l u t i o n  o f  3 5 2  x  2 8 8  a n d  

f o u r  c o l o u r  s p e c t r u m s  u s i n g  t h e  d e v i c e  s h o w n  i n  F i g u r e  4 . 4 .  T h e  v o l u n t e e r s  w e r e  a s k e d  

t o  p l a c e  t h e i r  p a l m  o n  t h e  p l a t f o r m  w i t h  t h e i r  f i n g e r s  c o n s t r a i n e d  b y  p e g s .

C lass data

A  t o t a l  o f  1 2  s a m p l e s  p e r  l e f t  p a l m p r i n t  o f  t h e  r e d  c o l o u r  s p e c t r u m  w e r e  p l a c e d  i n t o  2 5 0  

c l a s s e s .

N o n -cla ss data

T h e  c o r r e s p o n d i n g  1 2  s a m p l e s  o f  t h e  r i g h t  p a l m p r i n t s  w e r e  m i r r o r e d  a n d  s i m i l a r l y  p l a c e d  

i n t o  n o n - c l a s s  s e t s .
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4.5.3 IITD-Palmprint

T h e  I I T D  D e l h i  p a l m p r i n t  i m a g e  d a t a s e t  ( K u m a r , 2 0 0 8 )  u s e d  a  s i m p l e  t o u c h l e s s  s e t u p  t o  

c r e a t e  a  c h a l l e n g i n g  p a l m p r i n t  d a t a s e t  f o r  b i o m e t r i c  s y s t e m s  t o  r e c o g n i z e ,  b u t  s i m u l a t e d  

c o n d i t i o n s  a l l o w i n g  f o r  e a s y  i m a g e  a c q u i s i t i o n .  S e v e n  i m a g e s  w e r e  a c q u i r e d  p e r  h a n d  f r o m  

2 3 5  i n d i v i d u a l s  i n  a n  i n d o o r  s e t t i n g  u s i n g  a  c i r c u l a r  f l u o r e s c e n t  i l l u m i n a t i o n  a r o u n d  t h e  

c a m e r a  l e n s  a t  a  r e s o l u t i o n  o f  8 0 0  x  6 0 0  p i x e l s  i n  b i t m a p  f o r m a t .  S i n c e  t h e  t o u c h l e s s  

a c q u i s i t i o n  m e t h o d  o n l y  r e q u i r e s  t h e  h a n d  t o  b e  w i t h i n  t h e  c a m e r a ’ s  v i e w f i n d e r ,  t h u s  

a l l o w i n g  s i g n i f i c a n t  t o l e r a n c e ,  i n t r a - c l a s s  v a r i a t i o n  i s  i n c r e a s e d  d u e  t o  t h e  a d d i t i o n  o f  

r a n d o m  h a n d  p o s e  v a r i a t i o n s  a n d  c r e a s e s .

C lass data

L e f t  p a l m p r i n t s  w e r e  p l a c e d  i n t o  2 3 5  c l a s s e s .

N o n -cla ss data

R i g h t  p a l m p r i n t s  w e r e  m i r r o r e d  a n d  s i m i l a r l y  p l a c e d  i n t o  n o n - c l a s s  s e t s .

4.6 Iris Datasets

T h e  d e v i c e s  u s e d  i n  t h e  i r i s  d a t a s e t s  c a p t u r e d  t h e  w h o l e  p e r i o c u l a r  r e g i o n .

4.6.1 CASIA-Iris-Lamp

T h e  C A S I A - I r i s - L a m p  d a t a s e t  ( T a n , 2 0 1 6 )  i s  a  c h a l l e n g i n g  i r i s  d a t a s e t ,  c a p t u r e d  u s i n g  a  

n o n - i n v a s i v e  O K I  I R I S P A S S - h  h a n d h e l d  s e n s o r  w i t h  a  l i g h t  a l t e r n a t i n g  b e t w e e n  o n  a n d  

o f f  w h i l e  c a p t u r i n g  t h e  s a m p l e s .  T h i s  c a u s e d  n o n - l i n e a r  d e f o r m a t i o n  o f  t h e  i r i s  d u e  t o  

t h e  e x p a n s i o n  a n d  c o n t r a c t i o n  o f  t h e  p u p i l .  A  t o t a l  o f  2 0  s a m p l e s  p e r  i n d i v i d u a l  w e r e  

c a p t u r e d .
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C lass data

T h e  l e f t  p e r i o c u l a r  i m a g e s  o f  4 1 1  i n d i v i d u a l s  w e r e  u s e d  f o r  c l a s s  d a t a .

N o n -cla ss data

T h e  n o n - c l a s s  s a m p l e s  w e r e  s i m i l a r l y  g a t h e r e d  f r o m  t h e  r i g h t  p e r i o c u l a r  i m a g e s .

4.6.2 IITD Iris

T h e  I I T  D e l h i  I r i s  d a t a b a s e  c o n s i s t s  o f  p e r i o c u l a r  i m a g e s  w i t h  a  r e s o l u t i o n  o f  3 2 0  x  2 4 0 ,  

c a p t u r e d  u s i n g  a  J P C 1 0 0 0  I r i s  R e c o g n i t i o n  C a m e r a  s e n s o r  h e l d  a t  a r m ’ s  l e n g t h  ( K u m a r  

a n d  P a s s i , 2 0 1 0 ) . I n  t o t a l ,  f i v e  s a m p l e s  p e r  i r i s  f r o m  2 2 4  i n d i v i d u a l s ,  1 7 6  m a l e s  a n d  4 8  

f e m a l e s ,  w e r e  c a p t u r e d .

C lass data

T h e  l e f t  p e r i o c u l a r  i m a g e s  o f  t h e  2 2 4  i n d i v i d u a l s  w e r e  u s e d  a s  c l a s s  d a t a .

N o n -cla ss data

T h e  n o n - c l a s s  s a m p l e s  w e r e  s i m i l a r l y  g a t h e r e d  f r o m  t h e  r i g h t  p e r i o c u l a r  i m a g e s .

4.6.3 SDUMLA Iris

T h e  i r i s  d a t a s e t  f o r  t h i s  m u l t i m o d a l  d a t a b a s e  ( s a m e  i n d i v i d u a l s  a s  S D U M L A  f i n g e r p r i n t  

a n d  f a c e )  w a s  a c q u i r e d  w i t h  a n  i n - h o u s e  N I R  s e n s o r  w i t h  r e s o l u t i o n  7 6 8  x  5 7 6  r e s o l u t i o n  

a n d  s t o r e d  i n  b i t m a p  f o r m a t .  A l t h o u g h  r e f l e c t i o n  w a s  a v o i d e d  b y  r e m o v i n g  s p e c t a c l e s ,  

e y e l a s h  o c c l u s i o n  w a s  a  s i g n i f i c a n t  f a c t o r  i n  t h e  m a j o r i t y  o f  t h e  i m a g e s ,  m a k i n g  t h i s  a  

c h a l l e n g i n g  d a t a s e t .  T h e  l o w  n u m b e r  o f  s a m p l e s  l i m i t s  t h o s e  a v a i l a b l e  f o r  t r a i n i n g .
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C lass data

T h e  l e f t  p e r i o c u l a r  i m a g e s  o f  1 0 6  i n d i v i d u a l s  w e r e  u s e d  f o r  c l a s s  d a t a .

N o n -cla ss data

T h e  n o n - c l a s s  s a m p l e s  w e r e  s i m i l a r l y  g a t h e r e d  f r o m  t h e  r i g h t  p e r i o c u l a r  i m a g e s .

4.7 Evaluating Closed-set and Open-set Identifica

tion

T h e  m e t r i c s  d i s c u s s e d  i n  S e c t i o n  2 . 6 . 2  w e r e  u s e d  t o  e v a l u a t e  t h e  p e r f o r m a n c e  o f  e a c h  o f  

t h e  u n i m o d a l  a n d  b i m o d a l  b i o m e t r i c  s y s t e m s  t h a t  w e r e  c r e a t e d .  C l o s e d - s e t  i d e n t i f i c a t i o n  

a c c u r a c i e s  a r e  g e n e r a l l y  g i v e n  f o r  v a l i d a t i o n s  t e s t s  a s  t h e y  d o  n o t  h a v e  i m p o s t o r s .  O n  

t h e  o t h e r  h a n d ,  t h e  m o r e  c o m p r e h e n s i v e  e x p e r i m e n t s  a r e  o n  o p e n - s e t  i d e n t i f i c a t i o n  a n d  

a r e  d i s p l a y e d  i n  R O C  c u r v e s  w i t h  D I R  o n  t h e  y - a x i s  a n d  F P I R  o n  t h e  x - a x i s .  H o w e v e r ,  

a n  i n d i c a t i o n  o f  t h e  c l o s e d - s e t  i d e n t i f i c a t i o n  r e s u l t s  ( I R )  c a n  s t i l l  b e  r e a d  f r o m  t h e s e  

g r a p h s  b y  o b s e r v i n g  t h e  D I R  a t  F P I R  =  1 0 0 % .  T h e  e a r l i e r  a  c u r v e  r e a c h e s  i t s  p e a k  t h e  

b e t t e r  t h e  F P I R  a n d  t h e  w o r s e  t h e  F N I R  p e r  p e a k  D I R .  A s  t h e  F P I R  i n c r e a s e s ,  t h e  D I R  

y i e l d s  d i m i n i s h i n g  r e t u r n s ,  t h u s  F P I R  v a l u e s  o n  R O C  c u r v e s  a r e  n o t  a c c o r d i n g  t o  s c a l e  t o  

e m p h a s i z e  d i f f e r e n c e s  i n  t h e  p e r f o r m a n c e  o f  c l a s s i f i e r s .  F u r t h e r m o r e ,  i n s t e a d  o f  p r o v i d i n g  

a  v a l u e  f o r  t h e  a r e a  u n d e r  e a c h  R O C  c u r v e ,  t h i s  o v e r a l l  a c c u r a c y  m e a s u r e  ( a c r o s s  F P I R  

v a l u e s )  t o g e t h e r  w i t h  i n d i v i d u a l  D I R  v a l u e s  f o r  s p e c i f i c  F P I R  v a l u e s ,  a r e  s t a t e d  w h e r e  

n e c e s s a r y .

T h e  F N I R  a n d  F P I R  c a n  b e  c o m b i n e d  f o r  o p e n - s e t  i d e n t i f i c a t i o n  t o  f i t  i t  i n t o  a  s i n g l e  

g r a p h ,  b u t  t o  a c c u r a t e l y  o b s e r v e  t h e  e f f e c t s  o f  i m p o s t o r s ,  t h e  F P I R  a n d  F N I R  a r e  e x 

p l i c i t l y  s t a t e d .  W h e n  n o  t h r e s h o l d  i s  u s e d ,  F N I R  =  1 0 0  — D I R ,  w h i c h  i s  t h e  s a m e  a s  

c l o s e d - s e t  i d e n t i f i c a t i o n ,  b u t  a t  a  1 0 0 %  F P I R .  B o t h  t h e  F N I R  a n d  F P I R  a r e  a f f e c t e d  b y  

t h e  t h r e s h o l d  v a l u e  f o r  b i a s i n g  t r u e  a n d  f a l s e  m a t c h e s  r e s u l t i n g  i n  s o m e  c l a s s e s  m i s t a k e n l y
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b e i n g  r e j e c t e d  a s  i m p o s t o r s .  T h e r e f o r e ,  t h e  F N I R  c a n n o t  r e l i a b l y  b e  b a s e d  o n  t h e  D I R .  

T h e  s i g n i f i c a n c e  o f  s e p a r a t i n g  t h e  m e t r i c s  l i e s  i n  r e a l - w o r l d  a p p l i c a t i o n s  s u c h  a s  r e q u i r i n g  

s t r o n g  b i a s  a g a i n s t  a l l o w i n g  l o w - l e v e l  s e c u r i t y  c l e a r a n c e  i n d i v i d u a l s  a c c e s s  t o  h i g h e r  s e c u 

r i t y  d u e  t o  m i s c l a s s i f i c a t i o n .  T h e  F N I R  r e s u l t s  a r e  t h u s  i n c l u d e d  i n  a  t a b l e  b y  s p e c i f y i n g  

t h e  c o r r e s p o n d i n g  F P I R  v a l u e  f o l l o w i n g  t h e  c l o s e d - s e t  i d e n t i f i c a t i o n  r e s u l t s .  F i n a l l y ,  t h e  

n u m b e r  o f  i n d i v i d u a l s  t h a t  a r e  f a l s e l y  r e j e c t e d  a s  i m p o s t o r s  ( e s s e n t i a l l y  F R R )  c a n  s i m p l y  

b e  c a l c u l a t e d  a s  1 0 0  — ( D I R  +  F N I R ) .  T h i s  e n a b l e s  t h e  c o m p a r i s o n  o f  t h e  f o u r  c l a s s i f i e r s  

i n  o n e  g r a p h ,  w h i l e  p r o v i d i n g  b o t h  F N I R  a n d  F P I R  v a l u e s .

4.8 Hardware and Software

A l l  e x p e r i m e n t s  w e r e  r u n  o n  a n  I n t e l  i 7  2 7 0 0 k  4 . 4  G H z  q u a d - c o r e  C P U  w i t h  8  G B  o f  

D D R 3  2 1 3 3 M H z  R A M ,  r u n n i n g  t h e  P e p p e r m i n t  8  L i n u x  o p e r a t i n g  s y s t e m .  T h e  s o f t w a r e  

t o o l s  u s e d  t o  i m p l e m e n t  t h e  p r o p o s e d  s y s t e m s  f o r  a l l  m o d a l i t i e s  a r e :

•  C + +  f o r  p r o g r a m m i n g  l o g i c

•  O p e n C V  C + +  c o m p u t e r  v i s i o n  l i b r a r y  f o r  g e n e r a l  i m a g e  p r o c e s s i n g  a n d  f o r  E i g e n ,  

F i s h e r  a n d  L B P H  c l a s s i f i c a t i o n

•  D l i b  l i b r a r y  f o r  a d d i t i o n a l  i m a g e  p r o c e s s i n g  a n d  m a c h i n e  l e a r n i n g  o f  f a c e  s e g m e n 

t a t i o n  a l g o r i t h m s

•  L i b l i n e a r  m a c h i n e  l e a r n i n g  l i b r a r y  f o r  S V M  c l a s s i f i c a t i o n

•  P y t h o n  f o r  o r g a n i z i n g  t h e  t r a i n i n g  a n d  t e s t  s c r i p t s

•  B a s h  f o r  b a t c h i n g  ( i n  p a r a l l e l  w h e r e  a p p l i c a b l e )  t h e  t o o l s  m e n t i o n e d  a b o v e  t o  c o v e r  

a l l  p a r a m e t e r s  ( o n l y  f o r  v a l i d a t i o n )  a n d  f e a t u r e - c l a s s i f i e r  c o m b i n a t i o n s  d u r i n g  e x 

p e r i m e n t a t i o n
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4.9 Summary

T h i s  c h a p t e r  d i s c u s s e d  t h e  m e t h o d o l o g y  u s e d  f o r  c r e a t i n g  a  v a r i e t y  o f  t e s t  f i n g e r p r i n t ,  f a c e ,  

p a l m p r i n t  a n d  i r i s  r e c o g n i t i o n  s y s t e m s ,  i n c l u d i n g  t h e  d a t a s e t s  a n d  a l g o r i t h m s  u s e d ,  a n d  

t h e  e v a l u a t i o n  m e t h o d s .  T h e  d a t a s e t s  f o r  o p e n - s e t  i d e n t i f i c a t i o n  w e r e  o r g a n i z e d  w h e r e  

p o s s i b l e  s u c h  t h a t  t h e  s e q u e n c e  o f  s a m p l e s  a n d  n u m b e r  o f  c l a s s  a n d  n o n - c l a s s  d a t a  w e r e  

m a d e  k n o w n  t o  e s t a b l i s h  t h e i r  p o s s i b l e  r e a l - w o r l d  s e t t i n g .

O p e n - s e t  i d e n t i f i c a t i o n  b i o m e t r i c  s y s t e m  t y p e s  h a v e  s e v e r a l  a p p l i c a t i o n s  a n d  t o  e x t r a c t  

m a x i m u m  i n f o r m a t i o n  a b o u t  t h e  e f f e c t s  o f  v a r i o u s  f e a t u r e s  a n d  c o m b i n a t i o n s ,  t h e  e v a l 

u a t i o n  p r o c e d u r e  i n c l u d e s  t h e  m e t r i c s  D I R ,  F P I R  a n d  F N I R  s e p a r a t e l y  i n  t h e  f o r m  o f  

a  R O C  c u r v e  d e r i v e d  f r o m  a  t a b l e  o f  r e s u l t s .  T h e  v a l u e s  f o r  t h e  a r e a  u n d e r  e a c h  R O C  

c u r v e  a r e  n o t  e x p l i c i t l y  g i v e n  d u r i n g  e x p e r i m e n t a t i o n .  H o w e v e r ,  r e s u l t s  o f  i n d i v i d u a l  m e t 

r i c s  a r e  s t a t e d  w h e r e  n e c e s s a r y  t o  p r o v i d e  a  m o r e  r e l e v a n t  a n a l y s i s .  F o r  t h e  a p p l i c a b l e  

d a t a s e t s ,  t h e  f a c t o r s  a f f e c t i n g  i m a g e  q u a l i t y  w e r e  d i s c u s s e d  i n  S e c t i o n  4 . 2 . H o w e v e r ,  v i s u a l  

i n s p e c t i o n  w a s  c a r r i e d  o u t  d u r i n g  e x p e r i m e n t a t i o n  a s  a n  i n d i c a t o r  o f  i m a g e  q u a l i t y  d u e  

t o  d i f f e r i n g  s t a n d a r d s  p e r  b i o m e t r i c  m o d a l i t y .

T h e  g e n e r a l  a p p r o a c h  f o l l o w e d  i n  i m p l e m e n t i n g  t h e  t e s t  b i o m e t r i c  s y s t e m s  w a s  o u t l i n e d  

a n d  d e t a i l s  w e r e  p r o v i d e d  o f  c o m m o n  a l g o r i t h m s  u s e d  f o r  a l l  m o d a l i t i e s .  T h e  t u n i n g  o f  

o p t i m a l  c l a s s i f i e r  p a r a m e t e r s  a n d  t h e  r e s u l t s  o f  c l a s s i f i e r  a n d  f e a t u r e  c o m b i n a t i o n s  f o r  e a c h  

o f  t h e  b i o m e t r i c  s y s t e m s  a r e  c o m p a r e d  i n  t h e  s u b s e q u e n t  c h a p t e r s .
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Chapter 5

Fingerprint Recognition Algorithms 

and Results

T h i s  c h a p t e r  d i s c u s s e s  t h e  a l g o r i t h m s  u s e d  t o  d e t e c t  a n d  a l i g n  k e y p o i n t s  o f  a  f i n g e r p r i n t  

i n  o r d e r  t o  s e g m e n t  t h e  f i n g e r p r i n t  r e g i o n ,  g i v e n  a n  i m a g e  c a p t u r e d  u s i n g  d i f f e r e n t  s e n s o r s  

a n d  b a c k g r o u n d s .  T h e  f i n g e r p r i n t  r e c o g n i t i o n  p r o c e s s  b e g i n s  b y  p r e s e g m e n t i n g  ( s i l h o u e t t e  

d e t e c t i o n )  t h e  i m a g e  a r o u n d  t h e  f i n g e r p r i n t  s i l h o u e t t e .  T h e  a l i g n m e n t  p r o c e e d s  b y  f i n d i n g  

t h e  c o r e  p o i n t  w i t h i n  t h e  p r e s e g m e n t e d  i m a g e .  T h e  f i n a l  s e g m e n t e d  f i n g e r p r i n t  i s  c e n t r e d  

a t  t h e  c o r e  p o s i t i o n  b y  c r o p p i n g  a p p r o x i m a t e l y  5 0 %  o f  i t s  s i l h o u e t t e .  T h e  s e g m e n t e d  i m a g e  

i s  f u r t h e r  p r o c e s s e d  u s i n g  t h e  t e c h n i q u e s  d e s c r i b e d  i n  S e c t i o n  4 . 1 . 3 , b e f o r e  c l a s s i f i c a t i o n  

o f  t h e  r e s u l t s  t a k e s  p l a c e .  T h e  f i r s t  s e t  o f  e x p e r i m e n t s  v a l i d a t e  t h e  m e t h o d o l o g y  a n d  t u n e  

t h e  p a r a m e t e r s .  T h e r e a f t e r ,  o p e n - s e t  i d e n t i f i c a t i o n  i s  e v a l u a t e d  o n  t h r e e  e x p e r i m e n t a l  

f i n g e r p r i n t  d a t a s e t s .  T h i s  p r o c e s s  i s  d i s c u s s e d  i n  d e t a i l  i n  t h i s  c h a p t e r  t o g e t h e r  w i t h  t h e  

r e l e v a n t  r e s u l t s .

5.1 Aligning Fingerprint Features

T h e  f i n g e r p r i n t  a l i g n m e n t  p r o c e s s  i s  i n i t i a t e d  b y  f i n d i n g  t h e  c o r e  p o i n t  a n d  u s i n g  i t  t o  

a l l o c a t e  a n  R O I  t h a t  m i n i m i z e s  t h e  d i s c r e p a n c y  o f  s t r e t c h  a n d  a l i g n m e n t  d i f f e r e n c e s  a m o n g

89
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(a) Original image (b) NL-means im
age

(c) Unsharp image Binary image (e) Presegmented 
image

F igure 5 .1 : R i d g e  e n h a n c e m e n t  a n d  p r e s e g m e n t a t i o n  b e f o r e  P o i n c a r e  r e f e r e n c e  p o i n t  

d e t e c t i o n .

i n t r a - c l a s s  f i n g e r p r i n t s .

5.1.1 Core Detection using Enhanced Ridges

T h e  P o i n c a r e  a l g o r i t h m  ( J a i n  e t  a l . , 2 0 0 0 b )  w o r k s  w e l l  o n  g o o d  q u a l i t y  f i n g e r p r i n t  i m a g e s ,  

b u t  f a i l s  t o  c o r r e c t l y  l o c a l i z e  r e f e r e n c e  p o i n t s  i n  p o o r  q u a l i t y  f i n g e r p r i n t s  s u c h  a s  p a r t i a l s  

o r  f i n g e r p r i n t s  w i t h  p o o r  r i d g e  a n d  v a l l e y  c o n t r a s t .  T h u s ,  c o n t r a s t  m u s t  b e  e n h a n c e d ,  

w h i l e  r e m o v i n g  n o i s e  a t  t h e  s a m e  t i m e .  T h i s  i s  d o n e  u s i n g  a n  N L - m e a n s  f i l t e r  a t  a  7  x  7  

k e r n e l  a n d  2 1 x 2 1  n e i g h b o u r h o o d  s i z e .  A n  u n s h a r p  m a s k  i s  a p p l i e d  b y  s u b t r a c t i n g  t h e  N L -  

m e a n s  r e s u l t  f r o m  a l l  x  1 1  G a u s s i a n  f i l t e r  u s i n g  a  3 :2  w e i g h t i n g  i n  f a v o u r  o f  a  s h a r p e n e d  

i m a g e .  T h i s  p r o d u c e s  a n  i m a g e  w i t h  h i g h  r i d g e - v a l l e y  c o n t r a s t ,  w h i c h  a l l o w s  f o r  r e l i a b l e  

p r e s e g m e n t a t i o n  b y  s e a r c h i n g  f o r  t h e  o u t e r  w h i t e  p i x e l s  i n  e v e r y  r o w  o f  a  b i n a r y  i m a g e  t o  

p r o d u c e  t h e  r e s u l t  s h o w n  i n  F i g u r e  5 . 1 e . P o i n c a r e  i s  a p p l i e d  t o  t h e  p r e s e g m e n t e d  i m a g e  

i n  1 6  x  1 6  n e i g h b o u r h o o d s .

T h e  c o r e  p o i n t  i s  d e t e c t e d  b a s e d  o n  t h e  f i n g e r p r i n t  t y p e  a s  d i s c u s s e d  i n  C h a p t e r  3  a n d  

i l l u s t r a t e d  i n  F i g u r e  3 . 4 . T h e  d i f f e r e n c e  i n  a n g l e  b e t w e e n  t h e  s i n g u l a r  p o i n t  a n d  c o r e  o f  

t h e  i n p u t  i m a g e  a n d  d a t a b a s e  i m a g e  i s  c a l c u l a t e d  a n d  u s e d  f o r  a  s h e a r  t r a n s f o r m a t i o n  o f  

t h e  i n p u t  i m a g e .  I n  t h e  c a s e  o f  m o r e  t h a n  o n e  s i n g u l a r  p o i n t  o r  c o r e ,  t h e  o n e  w i t h  t h e
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s m a l l e s t  y  c o o r d i n a t e  i s  u s e d .

5.1.2 Minutiae Detection for Texture Alignment

T h e  m o d i f i e d  Z h a n g  a n d  S u e n  ( 1 9 8 4 )  r i d g e  t h i n n i n g  a l g o r i t h m  d e s c r i b e d  i n  S e c t i o n  3 . 2 . 1  

i s  u s e d  t o  d e t e c t  m i n u t i a e  -  r i d g e  e n d i n g s  a n d  b i f u r c a t i o n s  -  i n  t h i s  s e c t i o n .  D i f f e r e n t i 

a t i n g  b e t w e e n  r i d g e  e n d i n g s  a n d  b i f u r c a t i o n s  p r o v i d e s  u s e f u l  i n f o r m a t i o n  f o r  i m p r o v i n g  

m i n u t i a e - b a s e d  m a t c h i n g ,  b u t  i s  u n r e l i a b l e  u n l e s s  h i g h  q u a l i t y  i n p u t  d a t a  a r e  a c q u i r e d .  

T h e  m i n u t i a e  e x t r a c t i o n  a c c u r a c y  d e p e n d s  o n  t h e  q u a l i t y  o f  t h e  i n p u t  i m a g e  a n d  t h e  r e l i 

a b i l i t y  o f  e a c h  p r o c e s s i n g  s t e p .  H o w e v e r ,  t h i s  i s  a  s e q u e n t i a l  p r o c e s s  a n d  t h u s  e n c o u r a g e s  

t h e  p r o p a g a t i o n  o f  e r r o r s .  T h i s  c a u s e s  s o m e  g e n u i n e  m i n u t i a e  t o  b e  m i s s e d  a n d  s p u r i o u s  

m i n u t i a e  t o  b e  d e t e c t e d  a s  g e n u i n e .  W h i l e  f a l s e  m i n u t i a e  a r e  r e d u c e d  b y  c o n s i d e r i n g  r i d g e  

e n d i n g s  a n d  b i f u r c a t i o n s  a s  a  s i n g l e  t y p e ,  t h i s  d o e s  n o t  t a k e  a d v a n t a g e  o f  t h e  e x t r a  i n 

f o r m a t i o n .  T h e  u s e  o f  a  p u r e  m i n u t i a e - b a s e d  m e t h o d  l o w e r s  p r o c e s s i n g  t i m e  a n d  s t o r a g e  

r e q u i r e m e n t s .  H o w e v e r ,  w i t h  m o d e r n  h a r d w a r e ,  t h e  p r o p o s e d  m e t h o d  u s e s  t e x t u r e  p a t 

t e r n s  a s  k e y  f e a t u r e s  a n d  t h e  s p e c i a l  m i n u t i a e ,  c a l l e d  s i n g u l a r  p o i n t s  i n c l u d i n g  t h e  c o r e ,  

p r i m a r i l y  f o r  a l i g n m e n t  a n d  s e g m e n t a t i o n .

L B P H  i s  u s e d  w i t h  a  s l i d i n g  w i n d o w ,  s e a r c h i n g  f r o m  t h e  c e n t r e  t o w a r d s  t h e  i m a g e  b o r d e r s ,  

t o  f i n d  t h e  b e s t  m a t c h  b e t w e e n  t h e  i n p u t  a n d  d a t a b a s e  i m a g e  t e x t u r e  -  w h e n  l o w e s t  

c o n f i d e n c e  v a l u e  i s  r e t u r n e d .  A s s u m i n g  t h e  d a t a b a s e  i m a g e  c o r e  p o i n t  i s  c e n t r e d ,  t h e  

c l o s e r  t h e  d e t e c t e d  c o r e  p o i n t  i s ,  t h e  f e w e r  i t e r a t i o n s  a r e  r e q u i r e d  b y  t h e  s l i d i n g  w i n d o w .  

T h e  a r c h  t y p e  o f t e n  r e q u i r e s  m o r e  i t e r a t i o n s  f o r  a l i g n m e n t  d u e  t o  a  l a c k  o f  s i n g u l a r  p o i n t s .  

P a r t i a l  f i n g e r p r i n t s  a r e  c o n s i d e r a b l y  l e s s  t r i v i a l  t o  s e g m e n t  a n d  a r e  d e a l t  w i t h  u s i n g  t h e  

L B P H  s l i d i n g  w i n d o w .  A n  e x a m p l e  p a r t i a l  f i n g e r p r i n t  i s  s h o w n  i n  F i g u r e  5 . 5 a . T h e  c o r e  

p o i n t ,  d e p i c t e d  a s  a  d o t  a n d  m i n u t i a e / s i n g u l a r  p o i n t s  d e p i c t e d  a s  c i r c l e s ,  a r e  i l l u s t r a t e d  

i n  F i g u r e  5 . 2 .
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F igure 5 .2 : R i d g e - t h i n n e d  f i n g e r p r i n t  i m a g e .

5.2 Fingerprint Segmentation

A l t h o u g h ,  d e t e c t i n g  t h e  b o u n d a r i e s  b a s e d  o n  t h e  c a p t u r i n g  r e s o l u t i o n  a n d  t h e  s u r f a c e  a r e a  

o f  t h e  s e n s o r  c a n  a l s o  s e r v e  a s  a  h e l p i n g  m e c h a n i s m ,  t h e  p r e s e g m e n t e d  i m a g e  w a s  f o u n d  

t o  a l w a y s  c o n t a i n  o n l y  t h e  f i n g e r p r i n t  s i l h o u e t t e  i n  v a l i d a t i o n  t e s t s .  T h e  f i n a l  s e g m e n t e d  

i m a g e s  a r e  c r o p p e d  v e r s i o n s  o f  t h e  o r i g i n a l  i m a g e s  b a s e d  o n  t h e  a n c h o r  p o i n t s  o b t a i n e d  

i n  S e c t i o n  5 . 1 . 1  a n d  5 . 1 . 2 . F u r t h e r m o r e ,  t h r e e  d i f f e r e n t  s q u a r e  R O I  s i z e s  o f  7 5 % ,  5 0 %  

a n d  2 5 %  a r e  u s e d  b y  c r o p p i n g  b y  e a c h  p e r c e n t a g e  w i t h  r e s p e c t  t o  t h e  o u t e r  r e g i o n  o n  t h e  

x - a x i s  o f  t h e  a l i g n e d  o r i g i n a l  f i n g e r p r i n t  i m a g e  a s  s h o w n  i n  F i g u r e  5 . 3 . H o w e v e r ,  s i n c e  

t h e  o u t e r  r e g i o n  c a n  h a v e  m i n o r  v a r i a t i o n s  a c r o s s  i n t r a - c l a s s  s a m p l e s ,  p a r t i a l  f i n g e r p r i n t s  

a r e  d e t e c t e d  b a s e d  o n  t h e  d i f f e r e n c e  b e t w e e n  t h e  d a t a b a s e  a n d  i n p u t  i m a g e  o u t e r  r i d g e  

b o u n d a r i e s  b e i n g  w i t h i n  a  5 0 %  t h r e s h o l d .  T h e s e  R O I  s i z e s  a r e  n o r m a l i z e d  b y  r o u n d i n g  

d o w n  t o  t h e  n e a r e s t  5 0  p i x e l s .  T h e  L B P H  s l i d i n g  w i n d o w  m e t h o d  i s  u s e d  t o  a l i g n  a n d  

s c a l e  t h e  R O I  o f  a n  i n p u t  i m a g e  a c c o r d i n g  t o  a  p a r t i a l  d a t a b a s e  i m a g e .  H o w e v e r ,  i f  

t h e  d a t a b a s e  i m a g e  i s  a  p a r t i a l ,  t h e  i m a g e  i s  o n l y  a l i g n e d  a n d  n o t  s c a l e d  t o  p r e s e r v e  

i n f o r m a t i o n  f o r  t e s t  s a m p l e s .
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F igure 5 .3 : R O I  s i z e s  o f  7 5 % ,  5 0 %  a n d  2 5 %  c e n t r e d  a t  t h e  c o r e  o f  t h e  a l i g n e d  o r i g i n a l  

f i n g e r p r i n t  i m a g e .

5.3 Fingerprint Recognition Results

T h e  f i n g e r p r i n t  r e c o g n i t i o n  m e t h o d o l o g y  w a s  f i r s t  v a l i d a t e d  u s i n g  v i s u a l  i n s p e c t i o n  o f  t h e  

i m a g e  d a t a ,  f o l l o w e d  b y  p a r a m e t e r  t u n i n g ,  a n d  t h e  m a i n  e x p e r i m e n t s ,  w h i c h  p e r f o r m  

o p e n - s e t  i d e n t i f i c a t i o n  u s i n g  t h e  t h r e e  e x p e r i m e n t a l  d a t a s e t s .

5.3.1 Methodology Validation by Visual Inspection

T h e  M C Y T  d a t a s e t  c a p t u r e d  w i t h  t h e  c a p a c i t i v e  s e n s o r  w a s  u s e d  f o r  b o t h  v i s u a l  i n 

s p e c t i o n  a n d  p a r a m e t e r  t u n i n g ,  d i s c u s s e d  i n  t h e  n e x t  s u b s e c t i o n .  T h e  p r e s e g m e n t a t i o n  

m e t h o d  s u c c e s s f u l l y  e l i m i n a t e d  t h e  b a c k g r o u n d  w i t h  z e r o  e r r o r s  a c r o s s  a l l  d a t a s e t s .  A n  

i d e a l  p r o c e s s ,  w h e r e  H E  a n d  C L A H E  b o t h  f i x  i n c o n s i s t e n t  r i d g e  c o n t r a s t  i s  s h o w n  i n  

F i g u r e  5 . 4 . F i g u r e  5 . 5 b  s h o w s  t h e  p o o r  r e s u l t  w h e n  H E  i s  u s e d  f o r  s e v e r e l y  d a m a g e d  f i n 

g e r p r i n t s  d u r i n g  p r e p r o c e s s i n g  o n  t h e  M C Y T  i m a g e s .  T h i s  f i n g e r p r i n t  c o r e  i s  i d e n t i f i a b l e  

i n  t h e  c a s e  o f  u s i n g  C L A H E ,  b u t  d o e s  n o t  a p p e a r  t o  n o r m a l i z e  d i f f e r e n t  l i g h t i n g  a s  c o n 

s i s t e n t l y  a s  H E  u n l e s s  t h e  c l i p  l i m i t  i s  a u t o m a t i c a l l y  t u n e d  f o r  v a r i o u s  i m a g e  c o n d i t i o n s .  

W h i l e  t h i s  i s  a s s u m e d  t o  p o t e n t i a l l y  y i e l d  o p t i m a l  r e s u l t s  f o r  c o r e  i d e n t i f i c a t i o n ,  H E  i s  

u s e d  f o r  p r e p r o c e s s i n g  f o r  a l l  t e s t s  b e c a u s e  i t  r e q u i r e s  n o  t u n i n g .
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(a) Original image (b) HE image (c) CLAHE image (d) Enhancing (e) Enhancing
(clip limit =  3) the HE image the CLAHE image 

with nl-means, with nl-means, 
unsharp and unsharp and
presegmentation presegmentation

Figure 5 .4 : G o o d  q u a l i t y  r i d g e  e n h a n c e m e n t  b e f o r e  P o i n c a r e  c o r e  p o i n t  d e t e c t i o n .

(a) Original image (b) HE image (c) CLAHE image 
(clip limit =  3)

(d) Enhancing 
the HE image 
with nl-means, 
unsharp and
presegmentation

with nl-means, 
unsharp and
presegmentation

F igure 5 .5 : B a d  q u a l i t y  r i d g e  e n h a n c e m e n t  b e f o r e  P o i n c a r e  c o r e  p o i n t  d e t e c t i o n .

5.3.2 Tuning of Experimental Parameters

D u e  t o  t h e  l a r g e  n u m b e r  o f  c o m b i n a t i o n s  i n  t e r m s  o f  m e t r i c s ,  m o d a l i t i e s  a n d  a l g o r i t h m s ,  

p a r a m e t e r  t u n i n g  w a s  c o n s t r a i n e d  t o  a  c l o s e d - s e t  i d e n t i f i c a t i o n  s y s t e m  m e a s u r e d  w i t h o u t  

t h r e s h o l d i n g ,  r e s u l t i n g  i n  a  m a x i m u m  D I R ,  t h a t  i s  r e f e r r e d  t o  a s  I R  a s  e x p l a i n e d  i n  

S e c t i o n  2 . 6 . 2 . M o r e o v e r ,  i n  s u b s e q u e n t  t e s t s ,  t h e  o p t i m a l  p a r a m e t e r s  a r e  s t a t e d  o n l y  i f  

d i f f e r e n t  f r o m  t h o s e  d e t e r m i n e d  i n  t h i s  s e c t i o n .  T h e  i d e n t i f i c a t i o n  p e r f o r m a n c e  o n  t h e  

M C Y T  d a t a s e t  w a s  t e s t e d  f i r s t  a s  t h e  v a l i d a t i o n  s e t  f o r  t u n i n g  t h e  R O I  s i z e ,  a s  w e l l  a s  

t h e  v a r i o u s  f e a t u r e - c l a s s i f i e r  p a r a m e t e r s .

T o  e n s u r e  t h a t  t h e  r e s u l t i n g  p a r a m e t e r s  d o  n o t  f a v o u r  t h e  M C Y T  o p t i c a l  s e n s o r  d a t a s e t ,  

o n l y  t h e  l e f t  a n d  r i g h t  l i t t l e  f i n g e r s  o f  t h e  c a p a c i t i v e  s e n s o r  a r e  u s e d  f o r  t h i s  p u r p o s e .



Chapter 5. Proposed Fingerprint Recognition System and Results 95

S i n c e  t r a i n i n g  s a m p l e s  a r e  n o t  u s e d  a s  t e s t  d a t a ,  a l l  t e s t  d a t a  a r e  u n s e e n .  F u r t h e r m o r e ,  

t h r e e  d i f f e r e n t  R O I  s i z e s  o f  7 5 % ,  5 0 %  a n d  2 5 %  a r e  t e s t e d  s e p a r a t e l y  t o  e s t i m a t e  h o w  

c l o s e  t o  t h e  c o r e  t h e  m o s t  s i g n i f i c a n t  f e a t u r e s  l i e  o n  t h e  f i n g e r p r i n t .  T h e  c o r r e s p o n d i n g  

r e s o l u t i o n s  a r e  1 5 0  x  1 5 0 ,  1 0 0  x  1 0 0  a n d  5 0  x  5 0  f o r  t h i s  d a t a s e t .

B y  d e f a u l t ,  a l l  p r i n c i p a l  c o m p o n e n t s  a r e  u s e d  f o r  E i g e n  a n d  F i s h e r  c l a s s i f i c a t i o n .  M o r e 

o v e r ,  t h e  l i n e a r  S V M  u s e s  C  = 1  a n d  L B P H  u s e s  r a d i u s  a n d  n e i g h b o u r h o o d  v a l u e s  o f  

o n e  a n d  e i g h t ,  r e s p e c t i v e l y .  T h e  n e i g h b o u r h o o d  s i z e  a n d  t h e  n u m b e r  o f  n e i g h b o u r s  a r e  

e q u a l  f o r  L B P H .  T h e  d e f a u l t  ( r e c o m m e n d e d )  p a r a m e t e r s  a r e  u s e d  u n l e s s  s t a t e d  o t h e r w i s e ,  

w h i c h  i n  t h e  c a s e  o f  i m a g e  r e s o l u t i o n  i s  t h e  s e g m e n t e d  r e s o l u t i o n  t o  t h e  c l o s e s t  5 0 th p i x e l  

a s  p r e v i o u s l y  s t a t e d .

R e f e r r i n g  t o  T a b l e  5 . 1 , t h e  b e s t  p e r f o r m e r  i s  L B P H  h i g h l i g h t e d  i n  b l u e .  L B P H  a l s o  

a p p e a r s  t o  b e  l e a s t  a f f e c t e d  b y  R O I  s i z e .  O n  a v e r a g e ,  t h e  f o u r  c l a s s i f i e r s  a c h i e v e  t h e i r  b e s t  

a c c u r a c i e s  u s i n g  a  5 0 %  R O I .  T h e  c l a s s i c  “ E i g e n f a c e ”  a p p r o a c h  a p p e a r s  t o  b e  i n s u f f i c i e n t  

f o r  e x t r a c t i n g  “ g o o d  f e a t u r e s ”  f o r  a t  l e a s t  t h e  f i n g e r p r i n t  m o d a l i t y .  T h i s  i s  o f  c o n c e r n ,  a s  

m a n y  o f  t h e  f e a t u r e - l e v e l  f u s i o n  r e l a t e d  s t u d i e s  a r e  b a s e d  o n  t h i s  a p p r o a c h  a n d  i n c l u d e  

t h e  f i n g e r p r i n t  m o d a l i t y  a s  o n e  o f  t h e  f u s e d  c o m p o n e n t s .  T h e  s y s t e m  w a s  r e t e s t e d  u s i n g  

C L A H E  w i t h  a  b e s t  r e s u l t  a t  c l i p  l i m i t  =  3 ,  b u t  i t  u n d e r p e r f o r m e d  c o m p a r e d  t o  H E  a s  

s e e n  i n  T a b l e  5 . 2 . C L A H E  i s  t h u s  e x c l u d e d  f r o m  s u b s e q u e n t  t e s t s .

T able 5 .1 : I R  f o r  d i f f e r e n t  R O I  s i z e s  u s i n g  H E  o n  a  s i n g l e  t r a i n i n g  s a m p l e .

Classifier 7 5 % 5 0 % 2 5 %
E i g e n 3 9 . 2 4 7 . 1 4 7 . 5

F i s h e r 3 9 . 2 4 7 . 1 4 7 . 4

L B P H 7 1 . 5 7 8 . 3 6 9 . 6

S V M 3 9 .1 4 7 . 3 4 7 . 5

T able 5 .2 : I R  f o r  d i f f e r e n t  R O I  s i z e s  u s i n g  C L A H E  o n  a  s i n g l e  t r a i n i n g  s a m p l e .

C lassifier 7 5 %  5 0 %  2 5 %
E i g e n 2 7 . 7 3 6 . 8 2 7 . 8

F i s h e r 2 7 . 8 3 6 . 7 2 7 . 7

L B P H 6 6 . 1 7 2 . 3 6 5 . 9

S V M 2 7 . 6 3 7 . 7 2 7 . 8

T h e  L o G  f i l t e r  r e s u l t s  a r e  g i v e n  i n  T a b l e  5 . 3 , w h e r e  L B P H  a p p e a r s  t o  a c h i e v e  a  l o w e r
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a c c u r a c y ,  w h i c h  m a y  m e a n  t h a t  d i f f e r e n t  r a d i u s  a n d  n e i g h b o u r h o o d  p a r a m e t e r s  s h o u l d  b e  

u s e d  t h a n  t h e  d e f a u l t  o n e s .

T able 5 .3 : S y s t e m  a c c u r a c y  w h e n  u s i n g  H E  f o l l o w e d  b y  1 7  x  1 7  G a u s s i a n  a n d  7  x  7  

L a p l a c i a n  f i l t e r .

Classifier H E L
E i g e n 6 4 . 0

F i s h e r 6 4 . 0

L B P H 6 3 . 7

S V M 6 4 . 0

S p a r s e l y  s p a c e d  E L B P  a n d  E L B P V  t e x t u r e  d e s c r i p t o r s  a r e  d e s i g n e d  t o  b e  w e l l - s u i t e d  t o  

t h e  L o G  f i l t e r ’ s  b a n d p a s s  s p e c t r u m .  S i n c e  t h e  n e i g h b o u r s  a r e  i n t e r p o l a t e d ,  a n y  n u m b e r  

o f  n e i g h b o u r s  c a n  b e  s e t .  T h e  n u m b e r  o f  n e i g h b o u r s  i s  a d a p t i v e l y  s i z e d  t o  b e  e q u a l  t o  

h a l f  t h e  l e n g t h  o f  t h e  s q u a r e  R O I  t o  m a t c h  t h e  s p a t i a l  i n f o r m a t i o n  t o  a n  a r b i t r a r y  s i z e d  

i m a g e  ( f o r  f u t u r e  d a t a s e t s ) .  T h u s ,  2 5  n e i g h b o u r s  a r e  u s e d  f o r  a  5 0  x  5 0  r e s o l u t i o n  i m a g e .  

F o r  a  s m o o t h e r  i m a g e ,  a  l a r g e r  r a d i u s  t h a n  t h e  d e f a u l t - s i z e d  o n e  p i x e l  c a n  b e  u s e d .  A  

4 - p i x e l  r a d i u s  w a s  f o u n d  t o  p r o v i d e  o p t i m a l  l o c a l  i n f o r m a t i o n  w i t h o u t  f u r t h e r  s e p a r a t i o n  

o f  d a t a  a t  t h e  i n t r a - c l a s s  l e v e l .  T h e  s a m e  L o G  f i l t e r  s i z e  o f  1 7  x  1 7  a n d  7  x  7  i s  a p p l i e d  t o  

E L B P  a n d  E L B P V .  T h e  r e s u l t s  o f  u s i n g  n e w  f e a t u r e  e x t r a c t o r s  L B P L  a n d  L B P V L  a r e  

t h u s  l i s t e d  i n  T a b l e  5 . 4 .  T h e  s y s t e m  a c c u r a c y  e f f e c t i v e l y  i n c r e a s e d  f o r  t h e  t h r e e  c l a s s i f i e r s  

w h e n  u s i n g  e i t h e r  m e t h o d  b u t  L B P L  o u t p e r f o r m s  L B P V L .

T able 5 .4 : I R  w h e n  u s i n g  t h e  n o v e l  L B P L  a n d  L B P V L  f e a t u r e  e x t r a c t o r s  a t  s e g m e n t e d  

r e s o l u t i o n .

Classifier L B P L L B P V L
E i g e n 8 3 . 6 7 4 . 9

F i s h e r 8 3 . 5 7 5 . 0

S V M 8 3 . 9 7 4 . 9

R e s u l t s  f o r  t h e  d i f f e r e n t  f e a t u r e  e x t r a c t o r  m e t h o d s  a r e  g i v e n  i n  T a b l e  5 . 5 . A f t e r  t e s t i n g  a  

n u m b e r  o f  r e s i z i n g  r e s o l u t i o n s  b e t w e e n  3 0  x  3 0  a n d  2 0 0  x  2 0 0  i n  b o t h  w i d t h  a n d  h e i g h t  

i n c r e m e n t s  o f  1 0 ,  5 0  x  5 0  w a s  f o u n d  t o  b e  o p t i m a l  f o r  b o t h  d e c r e a s i n g  t h e  d i m e n s i o n a l 

i t y ,  w h i l e  a l s o  i m p r o v i n g  c l a s s i f i e r  p e r f o r m a n c e  f o r  a l l  b u t  t h e  L B P H  c l a s s i f i e r  a n d  t h e  

L B P L  f e a t u r e  e x t r a c t o r ,  w h i c h  b o t h  p r e f e r r e d  t h e  s e g m e n t e d  r e s o l u t i o n  f o r  t h i s  v a l i d a t i o n
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d a t a s e t .  T h i s  i s  b e c a u s e  t h e  L B P H  u s e s  t h e  s a m e  E L B P  o p e r a t o r ,  a l t h o u g h  w i t h  d i f f e r 

e n t  p a r a m e t e r s .  O f  n o t e ,  t h e  p e r f o r m a n c e  i s  i n c r e a s i n g l y  s e n s i t i v e  t o  r e s o l u t i o n s  a b o v e  

6 5  x  6 5 .  T h i s  i s  i m p o r t a n t  b e c a u s e  d i m e n s i o n a l i t y  i n c r e a s e s  w h e n  f u s i n g  t w o  m o d a l i t i e s ,  

a s  d i s c u s s e d  i n  C h a p t e r  9 .  D e c r e a s i n g  t h e  o r i g i n a l  r e s o l u t i o n  a p p e a r s  t o  a f f e c t  L B P H  

( o r  m o r e  d i r e c t l y  E L B P )  o w i n g  t o  t h e  r e d u c e d  s e p a r a t i o n  b e t w e e n  t e x t u r e  p a t t e r n s  c a u s 

i n g  a m b i g u i t y  w i t h  p a t t e r n s  o f  s i m i l a r  g l o b a l  a p p e a r a n c e .  T h e  s e g m e n t e d  r e s o l u t i o n  o f  

1 0 0  x  1 0 0  i s  t h u s  u s e d  i n  l a t e r  t e s t s  f o r  L B P H .  F u r t h e r m o r e ,  t r a i n i n g  a n d  t e s t  t i m e  a p p e a r s  

t o  b e  o n l y  s l i g h t l y  a f f e c t e d  b y  t h e  r e s o l u t i o n  a n d  i s  i n s t e a d ,  l a r g e l y  d e t e r m i n e d  b y  t h e  

n e i g h b o u r s  p a r a m e t e r .  A  c o n f u s i o n  m a t r i x  o f  c o r r e c t  m a t c h e s  p e r  l a b e l  r e v e a l e d  t h a t  t h e  

s m a l l e r  R O I s ,  t h a t  i s ,  5 0 %  a n d  2 5 % ,  a r e  m o r e  r o b u s t  t o  p a r t i a l s  a n d  s e v e r e l y  d i s t o r t e d  

f i n g e r p r i n t s  t h a n  i m a g e s  w i t h  7 5 %  R O I .  L B P V L  f e a t u r e  e x t r a c t i o n  r e s u l t s  g r e a t l y  o u t p e r 

f o r m  t h e  H E  l i g h t i n g  n o r m a l i z a t i o n  v a r i a n t  a n d  s l i g h t l y  o u t p e r f o r m  H E L ,  w h i c h  i n c l u d e s  

L o G  f o r  f e a t u r e  r e d u c t i o n .  L B P L  a c h i e v e s  n o t i c e a b l y  l o w e r  I R  v a l u e s  a t  l o w e r  r e s o l u t i o n s  

( <  7 5  x  7 5 ) .  H o w e v e r ,  L B P V L  a l s o  o u t p e r f o r m s  L B P L  a t  s e g m e n t e d  r e s o l u t i o n  a n d  b y  

i n c r e a s i n g l y  g r e a t e r  m a r g i n s  a t  l o w e r  r e s o l u t i o n s .  A l l  f e a t u r e  e x t r a c t o r  v a r i a n t s  a r e  u s e d  

i n  s u b s e q u e n t  t e s t s ,  b u t  o n l y  t h e  b e s t  p e r f o r m e r ,  w h i c h  i s  e x p l i c i t l y  s t a t e d ,  i s  i n c l u d e d  i n  

t h e  r e s u l t s  i n  t h e  f o l l o w i n g  s e c t i o n s .

T able 5 .5 : C o m p a r i n g  H E ,  H E L ,  L B P L  a n d  L B P V L  i d e n t i f i c a t i o n  a c c u r a c i e s  w h e n  

r e s i z i n g  t o  5 0  x  5 0 .

Classifier H E H E L L B P L L B P V L
E i g e n 5 4 . 1 8 2 . 1 7 9 . 9 8 5 . 1

F i s h e r 5 4 . 1 8 2 . 5 7 5 . 5 8 4 . 9

L B P H 4 7 . 5 4 8 . 7 - -

S V M 5 4 . 2 8 2 . 3 7 8 . 2 8 5 . 1

A  l o w e r  n u m b e r  o f  p r i n c i p a l  c o m p o n e n t s  e n a b l e s  f a s t e r  t r a i n i n g  a n d  t e s t i n g  o w i n g  t o  t h e  

l o w e r  d i m e n s i o n a l i t y  o f  f e a t u r e  v e c t o r s .  I t  i s  d e t e r m i n e d  w h e t h e r  t h i s  r e d u c t i o n  p r e v e n t s  

o v e r f i t t i n g  w h e n  f u s i n g  m o d a l i t i e s  i n  C h a p t e r  9 . T h e  o p t i m a l  n u m b e r  o f  p r i n c i p a l  c o m p o 

n e n t s  i n  t e r m s  o f  a v e r a g e  a c c u r a c y  a c r o s s  t r a i n i n g  s a m p l e s  i s  2 0 0  f o r  E i g e n  a n d  F i s h e r ,  a s  

s h o w n  i n  F i g u r e  5 . 6 . A n  o u t l i e r  o c c u r s  w h e n  u s i n g  1 0 0  p r i n c i p a l  c o m p o n e n t s  f o r  5 - E i g e n .  

T h e s e  m i n o r  o u t l i e r s  a r e  e x p e c t e d  w h e n  r e d u c i n g  p r i n c i p a l  c o m p o n e n t s  s i n c e  t h e r e  i s  a  

c h a n c e  t h a t  b a d  d a t a  c a n  b e  r e m o v e d  w i t h i n  t h e  f i r s t  f e w  h u n d r e d  p r i n c i p a l  c o m p o n e n t s
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a n d  h a v e  a n  i m p a c t  o n  t h e  r e s u l t s .  T h e  e x t r a  n u m b e r  o f  p r i n c i p a l  c o m p o n e n t s  f o r  F i s h e r  

i s  e x p e c t e d  d u e  t o  F i s h e r ’ s  e x t r a  r e d u c t i o n  i n  d i m e n s i o n a l i t y .  T h e  p r i n c i p a l  c o m p o n e n t s  

f o r  E i g e n  a n d  F i s h e r  a r e  s e t  t o  2 0 0  f o r  t h e  r e m a i n i n g  t e s t s .  P a r a m e t e r  t u n i n g  r e s u l t s  f o r  

t h e  o t h e r  f e a t u r e  e x t r a c t o r s  c o n s i d e r e d  f o r  E i g e n ,  F i s h e r  a n d  L B P H ,  s u c h  a s  L B P L  a r e  

n o t  g i v e n ,  a s  L B P V L  p r o d u c e d  t h e  b e s t  r e s u l t  i n  a l l  c a s e s .

T able 5 .6 : S e l e c t i n g  t h e  o p t i m a l  n u m b e r  o f  p r i n c i p a l  c o m p o n e n t s  f o r  E i g e n  a n d  F i s h e r  

L B P V L .

Classifier 50 100 150 200 all
1 - E i g e n L B P V L 7 8 . 5 8 4 . 1 8 5 . 1 8 5 . 1 8 5 . 1

1 - F i s h e r L B P V L 3 9 . 5 8 4 . 1 8 4 . 9 8 4 . 9 8 4 . 9

5 - E i g e n L B P V L 9 7 . 8 9 8 . 3 9 8 . 3 9 8 . 3 9 8 . 3

5 - F i s h e r L B P V L 7 7 .1 8 5 . 6 8 8 . 1 9 0 . 9 9 0 . 9

T a b l e  5 . 7  s h o w s  t h e  i d e n t i f i c a t i o n  a c c u r a c i e s  o f  L B P H ,  w i t h  t h e  s a m e  L o G  f i l t e r  a s  a p p l i e d  

i n  t h e  t e s t s  r e p o r t e d  i n  T a b l e  5 . 3 , b u t  v a r y i n g  t h e  r a d i u s  f r o m  o n e  t o  s i x ,  s h o w i n g  t h a t  

r a d i u s  v a l u e s  l a r g e r  t h a n  t h r e e  a r e  p r e f e r r e d .  A  m a r k e d  i m p r o v e m e n t  i s  a c h i e v e d  o v e r  t h e  

6 3 %  a c c u r a c y  o b t a i n e d  u s i n g  t h e  d e f a u l t  p a r a m e t e r s  w i t h  o n e  t r a i n i n g  s a m p l e .  M o r e o v e r ,  

w h e n  u s i n g  f i v e  t r a i n i n g  s a m p l e s  a n  e v e n  g r e a t e r  i m p r o v e m e n t  i s  r e c o r d e d  e x c e p t  w h e n  

u s i n g  a  1 - p i x e l  r a d i u s  w h i c h  y i e l d s  o n l y  5 1 . 3 %  a c c u r a c y  d u e  t o  t h e  a b u n d a n c e  o f  f i n e  

t e x t u r e s  c a u s i n g  o v e r f i t t i n g .  T h e  b e s t  r e s u l t  i s  8 6 %  w h e n  u s i n g  a  6 - p i x e l  r a d i u s .  T h e  

r e s u l t s  f o r  L B P H  w i t h o u t  t h e  L o G  f i l t e r  h a v e  b e e n  o m i t t e d  a s  t h e  b e s t  a c c u r a c y  o b t a i n e d  

w a s  7 8 . 3 %  a n d  t h i s  w a s  a t  t h e  r e c o m m e n d e d  p a r a m e t e r  v a l u e s .  I t  i s  n o t e d  t h a t  L B P H  

a p p e a r s  t o  b e  s e n s i t i v e  t o  t u n i n g .

T able 5 .7 : S e l e c t i n g  t h e  o p t i m a l  r a d i u s  ( 1 - 6 )  f o r  L B P H L .

Classifier 1 2 3 4 5 6
1 - L B P H L 6 3 6 8 . 9 8 0 . 4 8 1 . 6 8 1 . 6 8 1 . 7

5 - L B P H L 5 1 . 3 8 1 . 3 8 1 . 1 8 3 . 3 8 4 . 8 8 6

T a b l e  5 . 8  s h o w s  t h e  i d e n t i f i c a t i o n  a c c u r a c i e s  f o r  v a r y i n g  r a d i i  b e t w e e n  o n e  a n d  s i x .  M o r e  

c o m b i n a t i o n s  o f  r a d i u s  a n d  n e i g h b o u r  p a r a m e t e r s  w e r e  t e s t e d ,  b u t  t h e  b e s t  r e s u l t  d i d  n o t  

i m p r o v e  t h e  9 5 %  a n d  9 9 . 8 %  a c c u r a c i e s  o b t a i n e d  w i t h  a  6 - p i x e l  r a d i u s  a n d  f o u r  n e i g h b o u r s  

f o r  o n e  a n d  f i v e  t r a i n i n g  s a m p l e s ,  r e s p e c t i v e l y .

T a b l e  5 . 9  s h o w s  t h a t  C  =  1 0 4 y i e l d s  t h e  b e s t  r e s u l t s  f o r  t h e  S V M ,  w h i c h  a r e  8 5 %  a n d  9 7 . 8 %
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T able 5 .8 : S e l e c t i n g  t h e  o p t i m a l  n e i g h b o u r  c o u n t  ( 3 - 8 )  f o r  L B P H L  w i t h  a  r a d i u s  o f  s i x .

Classifier 3 4 5 6 7 8
1 - L B P H L 9 0 . 9 9 5 9 4 9 0 8 7 . 6 6 8 . 9

5 - L B P H L 9 9 . 8 9 9 . 8 9 9 . 7 9 9 . 4 9 9 9 4 . 6

f o r  o n e  a n d  f i v e  t r a i n i n g  s a m p l e s ,  r e s p e c t i v e l y .  A  s u b s t a n t i a l  d e c r e a s e  i n  p e r f o r m a n c e  i s  

n o t i c e d  w h e n  C  =  1 0 8 a s  a  r e s u l t  o f  o v e r f i t t i n g .

T able 5 .9 : S e l e c t i n g  t h e  o p t i m a l  C  v a l u e  f o r  t h e  S V M .

Classifier C  =  1 0 - 8 C  =  1 0 - 4 C  =  1 C  =  1 0 4 C  =  1 0 8

1 - S V M L B P V L 8 3 . 0 8 3 . 0 8 3 . 1 8 5 . 0  7 6 . 5

5 - S V M L B P V L 9 7 . 8 9 7 . 8 9 7 . 8 9 7 . 8  9 4 . 6

T h e  r e s u l t s  o f  t h e  p a r a m e t e r  o p t i m i z a t i o n  f o r  e a c h  c l a s s i f i e r  g i v e n  i n  T a b l e s  5 . 6 , 5 . 8  

a n d  5 . 9 , s h o w  t h a t  t h e  b e s t  p e r f o r m i n g  f e a t u r e - c l a s s i f i e r  c o m b i n a t i o n  i s  L B P H  w i t h  t h e  

L o G  f i l t e r  a t  a  n e a r - p e r f e c t  a c c u r a c y  o f  9 9 . 8 %  w h e n  u s i n g  f i v e  t r a i n i n g  s a m p l e s  a n d  

9 5 %  w h e n  o n l y  u s i n g  a  s i n g l e  t r a i n i n g  s a m p l e .  T h e  e x p e r i m e n t s  u s i n g  t h e  f i r s t  d a t a s e t ,  

c o n s i s t i n g  o f  v a r y i n g  c o n d i t i o n s  s u c h  a s  l i g h t i n g ,  a n d  f i n g e r p r i n t  p l a c e m e n t  a n d  p r e s s u r e ,  

a c h i e v e d  p r o m i s i n g  r e s u l t s .  H e n c e ,  t h e  o p t i m a l  p a r a m e t e r s  d e t e r m i n e d  a b o v e  w e r e  u s e d  

w h e n  r u n n i n g  t e s t s  o n  v a r i o u s  o t h e r  f i n g e r p r i n t  d a t a s e t s .  T h e  p a r a m e t e r s  a n d  f e a t u r e -  

c l a s s i f i e r  c o m b i n a t i o n s  w e r e  k e p t  c o n s t a n t  w h e n  t e s t i n g  t h e s e  o t h e r  d a t a s e t s  t o  s i m p l i f y  t h e  

c l a s s i f i c a t i o n  o f  f u s e d  d a t a s e t s  ( a s  r e p o r t e d  i n  C h a p t e r  9 ) . T h e r e f o r e ,  t h e  o p t i m a l  r a n g e  

w a s  s p e c i f i e d  a s  b e i n g  w i t h i n  5 %  o f  a  d i f f e r e n t  m e t h o d .  T h e  d i f f e r e n c e  i n  p e r f o r m a n c e  i s  

e x p l i c i t l y  s t a t e d  w h e n  a n  a l t e r n a t i v e  a p p r o a c h  s h o w s  a  b e t t e r  a c c u r a c y  a b o v e  t h e  o p t i m a l  

r a n g e .

T h e  n e x t  t h r e e  s u b s e c t i o n s  d o c u m e n t  o p e n - s e t  i d e n t i f i c a t i o n  e x p e r i m e n t s  o n  t h r e e  d i f f e r 

e n t  f i n g e r p r i n t  d a t a s e t s ,  t h a t  i s ,  M C Y T ,  F V C 2 0 0 4  a n d  S D U M L A ,  o r g a n i z e d  a s  e x p l a i n e d  

i n  S e c t i o n  4 . 3  u n l e s s  o t h e r w i s e  s t a t e d .

5.3.3 M CYT Identification Performance

T h e  M C Y T  f i n g e r p r i n t  d a t a  w e r e  e v a l u a t e d  a c c o r d i n g  t o  t h e  o r g a n i z e d  c l a s s e s  e x p l a i n e d  i n  

S e c t i o n  4 . 3 . 1 . F i n g e r p r i n t  s a m p l e s  o n e  t o  t h r e e  w i t h  a  h i g h  l e v e l  o f  c o n t r o l  w e r e  t r a i n e d
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t o  f o r m  t h e  m o d e l ,  w h i l e  t h e  r e s t  ( s a m p l e s  f o u r  t o  e l e v e n )  w e r e  u s e d  f o r  t e s t i n g .  T h e  

r e s u l t s  a r e  p r e s e n t e d  a s  R O C  c u r v e s .

Effect o f fingerprint sam ple quality

T h i s  s u b s e t  o f  t h e  M C Y T  i d e n t i f i c a t i o n  e x p e r i m e n t  r e f e r s  t o  F i g u r e s  5 . 6 , 5 . 7  a n d  5 . 8 . T h e  

t h r e e  t e s t s  u s e d  t h e  s a m e  h i g h  c o n t r o l  l e v e l  t r a i n i n g  s a m p l e  t o  i s o l a t e  t h e  c o m p a r i s o n  t o  

t e s t  s a m p l e  q u a l i t y .

F i s h e r  n a r r o w l y  o u t p e r f o r m s  E i g e n  o n  t h e  M C Y T  h i g h  c o n t r o l  d a t a s e t .  T h e  m a r g i n  b y  

w h i c h  L B P H  o u t p e r f o r m s  t h e  r e s t  i n c r e a s e s  a s  t h e  l e v e l  o f  c o n t r o l  ( q u a l i t y )  d e c r e a s e s .

C lassifier 0.1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 0 . 3 0 . 5 1 .3 1 .5 2 . 7

1 - F i s h e r L B P V L 0 0 0 0 1 1 .3 2 . 6

1 - L B P H L 0 0 0 0 0 0 0

1 - S V M L B P V L 0 0 0 . 7 0 . 7 1 .3 1 .7 2 . 6

(b) FNIR values

Figure 5 .6 : S i n g l e  h i g h  c o n t r o l  M C Y T  t r a i n i n g  s a m p l e  o n  t h r e e  h i g h  c o n t r o l  t e s t  i m a g e s :  

( a )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

T h e  M C Y T  m e d i u m  c o n t r o l  r e s u l t s  s h o w  t h a t  p e r f o r m a n c e  o f  E i g e n  i s  s i m i l a r  t o  t h a t  o f
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F i s h e r  f o r  k n o w n  c l a s s e s .

C lassifier 0.1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 0 . 3 0 . 3 1 1 .3 4 . 5

1 - F i s h e r L B P V L 0 0 0 0 1 1 4 . 4

1 - L B P H L 0 0 0 0 0 0 . 3 1 .7

1 - S V M L B P V L 0 0 0 0 . 3 1 .7 1 .7 4 .1

(b) FNIR values

Figure 5 .7 : S i n g l e  h i g h  c o n t r o l  M C Y T  t r a i n i n g  s a m p l e  o n  t h r e e  m e d i u m  c o n t r o l  t e s t  

i m a g e s :  ( a )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  

v a l u e s .

T h e  M C Y T  l o w  c o n t r o l  r e s u l t s  s h o w  t h a t  E i g e n  i s  l e s s  a f f e c t e d  b y  t h e  i n t r a - c l a s s  v a r i a n c e  

o f  d a t a  t h a n  F i s h e r  e v e n  w h e n  u s i n g  a  s i n g l e  t r a i n i n g  s a m p l e .  M o r e o v e r ,  F i s h e r  p e r f o r m s  

p o o r l y  w i t h  c e r t a i n  t y p e s  o f  i n t r a - c l a s s  v a r i a n c e  e v e n  w i t h  g o o d  t r a i n i n g  d a t a .  S V M  

a p p e a r s  t o  b e t t e r  d i s t i n g u i s h  i m p o s t o r s  f r o m  c l a s s  d a t a  t h a n  e i t h e r  E i g e n  o r  F i s h e r .

A ll data  sam ples

A l l  o f  t h e  M C Y T  s a m p l e s  a r e  u s e d  f o r  f u r t h e r  i d e n t i f i c a t i o n  t e s t i n g  a s  d e s c r i b e d  i n  S e c 

t i o n  4 . 3 . 1 .
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Classifier 0.1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 0 0 0 . 7 5 . 5 1 1 . 3

1 - F i s h e r L B P V L 0 0 0 0 . 3 0 . 7 6 . 7 1 4 . 7

1 - L B P H L 0 0 0 . 3 0 . 3 0 . 5 1 .7 3 . 7

1 - S V M L B P V L 0 0 0 0 . 3 0 . 7 6 . 9 1 2 . 4

(b) FNIR values

Figure 5 .8 : S i n g l e  h i g h  c o n t r o l  M C Y T  t r a i n i n g  s a m p l e  o n  t h r e e  l o w  c o n t r o l  t e s t  i m a g e s :  

( a )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

E i g e n  o u t p e r f o r m i n g  F i s h e r  w h e n  i n c r e a s i n g  t h e  t r a i n i n g  s a m p l e s  t o  t h r e e  ( F i g u r e  5 . 1 0 b )  

i n d i c a t e s  i n c o n s i s t e n t  s e g m e n t a t i o n  d u e  t o  i n a c c u r a t e  c o r e  d e t e c t i o n  o r  t e x t u r e  w a r p i n g  

o f  f i n g e r p r i n t s  o b t a i n e d  w i t h  m e d i u m  a n d  l o w  c o n t r o l .

V i s u a l  i n s p e c t i o n  r e v e a l e d  t h a t  f i n g e r p r i n t  c o r e s  w e r e  c o n s i s t e n t l y  d e t e c t e d  f o r  h i g h  a n d  

m e d i u m  c o n t r o l l e d  d a t a ,  b u t  n o t i c e a b l y  l e s s  c o n s i s t e n t  f o r  l o w  c o n t r o l l e d  d a t a .  A l l  t h r e e  

c o n t r o l l e d  d a t a  g r o u p s  c o n t a i n e d  s a m p l e s  w i t h  m i l d l y  v a r i e d  p r e s s u r e  r e s u l t i n g  i n  w a r p e d  

t e x t u r e  i n  a  m i n o r i t y  o f  c a s e s .  T h e  c a s e s  w h e r e  t h e  s y s t e m  s e g m e n t e d  t h e  l o w  c o n t r o l  

f i n g e r p r i n t s  i n c o n s i s t e n t l y  a r e  t h u s  a t t r i b u t e d  t o  b a d  c o r e  d e t e c t i o n .  F u r t h e r m o r e ,  t h e  

S V M  c l a s s i f i e r  a p p e a r s  t o  o u t p e r f o r m  t h e  r e s t  i n  d e t e c t i n g  i m p o s t o r s .  O n  t h e  o t h e r  h a n d ,  

S V M  a c h i e v e s  h i g h e r  m i s s  r a t e s  w h e n  F P I R  <  1 0 0 .
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Classifier 0 .1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 0 0 0 . 5 1 .6 8 . 9

1 - F i s h e r L B P V L 0 0 0 0 0 . 5 1 .9 9 . 2

1 - L B P H L 0 0 0 0 0 0 . 3 3 . 3

1 - S V M L B P V L 0 0 0 0 1 .0 2 .5 7 . 4

(b) FNIR values

Figure 5 .9 : O n e  M C Y T  t r a i n i n g  s a m p l e  o n  a l l  t e s t  i m a g e s :  ( a )  D I R  v e r s u s  e r r o n e o u s l y  

i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

R e f e r r i n g  t o  F i g u r e s  5 . 9  a n d  5 . 1 0 , i n c r e a s i n g  t h e  n u m b e r  o f  t r a i n i n g  s a m p l e s  f r o m  o n e  t o  

t h r e e  d o e s  n o t  n e c e s s a r i l y  i m p r o v e  F N I R  s i g n i f i c a n t l y  ( w h e n  F P I R  <  1 0 0 ) ,  b u t  g e n e r a l l y  

i m p r o v e s  o v e r a l l  a c c u r a c y  b y  e i t h e r  i n c r e a s i n g  t h e  D I R  a n d / o r  d e c r e a s i n g  t h e  F P I R .  F u r 

t h e r m o r e ,  F N I R  g e n e r a l l y  d e c r e a s e s  o r  r e m a i n s  t h e  s a m e  w h e n  t h e  t h r e s h o l d  i s  d e c r e a s e d .  

W h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s ,  L B P H ,  E i g e n  a n d  S V M  r e s u l t s  a r e  m o r e  c o m p a r a b l e ,  

w i t h  E i g e n  s h o w i n g  t h e  h i g h e s t  i m p r o v e m e n t .

T h e  s a m e  e x p e r i m e n t a l  p r o c e d u r e  c o n d u c t e d  b y  S i m o n - Z o r i t a  e t  a l. ( 2 0 0 3 )  i s  u s e d  f o r  

c o m p a r i s o n  w i t h  L B P H L  -  t h e  b e s t  p e r f o r m i n g  p r o p o s e d  m e t h o d  o n  t h i s  d a t a s e t .  T h e  

M C Y T  d a t a s e t  s u b c o r p u s  c o n s i s t i n g  o f  1 2 0  f i n g e r p r i n t s  p e r  t h e  f i r s t  7 5  t e s t  s u b j e c t s  w a s  

u s e d .  T h e  s t a n d a r d  m e t h o d  f o r  s e l e c t i n g  i m p o s t o r s  i n  v e r i f i c a t i o n  s y s t e m s  i s  u s e d ,  w h i c h  

v e r i f i e s  a  s u b j e c t  a n d  u s e s  t h e  r e m a i n i n g  s u b j e c t s  a s  i m p o s t o r s .  I n  t h i s  c a s e ,  t h e  r e m a i n i n g
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Classifier 0.1 0 .5 1 5 10 30 100
3 - E i g e n L B P V L 0 0 0 0 0 . 2 0 . 9 0

3 - F i s h e r L B P V L 0 0 0 .1 0 .1 0 . 3 1 .2 0

3 - L B P H L 0 0 0 0 0 0 0

3 - S V M L B P V L 0 0 0 0 . 5 0 . 9 1 .9 0

(b) FNIR values

Figure 5 .1 0 : T h r e e  M C Y T  t r a i n i n g  s a m p l e s  o n  a l l  t e s t  i m a g e s :  ( a )  D I R  v e r s u s  e r r o 

n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

7 5  s u b j e c t s  a r e  t h u s  i m p o s t o r s .  H o w e v e r ,  o n l y  t h e  f i r s t  h i g h  c o n t r o l  s a m p l e  i s  u s e d  a s  a n  

i m p o s t o r ,  r e s u l t i n g  i n  a  t o t a l  o f  5 5 0 0 0  i m p o s t o r  a t t e m p t s .

T h e  e x p e r i m e n t a l  p r o c e d u r e  i s  s e p a r a t e d  i n t o  t h r e e  t e s t s  w h e r e  t h r e e  t r a i n i n g  s a m p l e s  

p e r  l o w ,  m e d i u m  o r  h i g h  c o n t r o l  a r e  u s e d  a n d  t h e  r e s t  b e c o m e  t e s t  s a m p l e s .  T h e i r  r e s u l t s  

i n  T a b l e  5 . 1 0  s h o w  t h a t  t h e  p r o p o s e d  L B P H L  m e t h o d  o u t p e r f o r m s  S i m o n - Z o r i t a  e t  a l . 's  

m i n u t i a e - b a s e d  s y s t e m  a n d  a c h i e v e s  s i m i l a r  a c c u r a c i e s  w h e n  t r a i n i n g  o n  h i g h  o r  m e d i u m  

s a m p l e s .  T h e  b e t t e r  r e s u l t  s u g g e s t s  t h a t  h i g h  q u a l i t y  t r a i n i n g  s a m p l e s  c a n  m o d e l  l o w  

q u a l i t y  t e s t  s a m p l e s  b e t t e r  t h a n  v i c e  v e r s a .
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T able 5 .1 0 : C o m p a r a t i v e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  a p p r o a c h  f o r  f i n g e r p r i n t  v e r i f i c a 

t i o n  o n  t h e  M C Y T  d a t a s e t .

A p p roach L o w  ( % ) M e d i u m  ( % ) H i g h  ( % )

3 - L B P H L 1 .9 1 .3 1 .2

S i m o n - Z o r i t a  e t  a l .  ( 2 0 0 3 ) 8 . 0 6 .1 5 . 6

5.3.4 FVC2004 Identification Performance

T h e  F V C 2 0 0 4  f i n g e r p r i n t  d a t a s e t  w a s  e v a l u a t e d  a c c o r d i n g  t o  t h e  o r g a n i z e d  c l a s s e s  g i v e n  

i n  S e c t i o n  4 . 3 . 2 . T h e  p r e v i o u s l y  t u n e d  p a r a m e t e r s  w e r e  c o n f i r m e d  t o  b e  o p t i m a l  o n  

t h i s  d a t a s e t  e v e n  t h o u g h  i t  w a s  c a p t u r e d  u s i n g  a  d i f f e r e n t  s e n s o r  t y p e  u n d e r  c h a l l e n g i n g  

c o n d i t i o n s .  T h e  r e s u l t s  a r e  d i s c u s s e d  b e l o w .

R e f e r r i n g  t o  F i g u r e s  5 . 1 1  a n d  5 . 1 2 , i n c r e a s i n g  t h e  t r a i n i n g  s a m p l e s  b e n e f i t s  L B P H  t h e  

l e a s t  w h e r e a s  S V M  s l i g h t l y  s u r p a s s e s  L B P H ' s  p e r f o r m a n c e .  F u r t h e r m o r e ,  i t  i s  e v i d e n t  

t h a t  E i g e n  a n d  S V M  m a k e  b e t t e r  u s e  o f  t h e  e x t r a  t r a i n i n g  d a t a  e v e n  w i t h  r e l a t i v e l y  h i g h  

i n t r a - c l a s s  v a r i a n c e .  F i s h e r  c o n t i n u e s  t o  u n d e r p e r f o r m  m o s t  n o t i c e a b l y  o n  t h e  c h a l l e n g i n g  

d a t a  ( h i g h  i n t r a - c l a s s  v a r i a n c e ) .  O f  n o t e ,  L B P V L  a n d  L B P L  p e r f o r m  s i m i l a r l y  ( p o o r l y )  

o n  t h i s  d a t a s e t ,  b u t  H E L  a c h i e v e s  a  3 %  b e t t e r  a c c u r a c y  o n  a v e r a g e  ( n o t  s h o w n  i n  t h e  

f i g u r e s ) .

T h e  F V C 2 0 0 4  D B 1  f i n g e r p r i n t  d a t a s e t  w a s  e v a l u a t e d  u s i n g  t h e  e x p e r i m e n t a l  p r o c e d u r e  

o f  C h e n  e t  a l.  ( 2 0 0 6 b ) , w h i c h  i n c l u d e d  r e s u l t s  o f  t h e  f i n g e r p r i n t  v e r i f i c a t i o n  s y s t e m  o f  L u o  

e t  a l.  ( 2 0 0 0 ) . T h e  L B P H L  p r o p o s e d  a p p r o a c h  i s  t h u s  c o m p a r e d  w i t h  t h e s e  t w o  s t u d i e s  o n  

f i n g e r p r i n t  v e r i f i c a t i o n  a s  n o  r e l a t e d  s t u d i e s  w e r e  f o u n d  f o r  i d e n t i f i c a t i o n  o n  t h i s  d a t a s e t .  

T h e  v e r i f i c a t i o n  p r o c e d u r e  w a s  o n  8  s a m p l e s  p e r  1 0 0  c l a s s e s ,  w h e r e  o n l y  t h e  f i r s t  s a m p l e  o f  

e a c h  n o n - m a t c h i n g  c l a s s  w a s  c o n s i d e r e d  a n  i m p o s t o r  r e s u l t i n g  i n  4 9 5 0  i m p o s t o r  m a t c h e s .  

T h e  r e s u l t s  o f  t h e  c o m p a r i s o n  a r e  s h o w n  i n  T a b l e  5 . 1 1 , w h e r e  t h e  L B P H L  t e x t u r e - b a s e d  

a p p r o a c h  o u t p e r f o r m s  b o t h  m i n u t i a e - b a s e d  m e t h o d s  b y  o b t a i n i n g  a  l o w e r  E E R .
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Classifier 0 .1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 0 1 .2 4 . 5 8 . 4 3 0 . 7

1 - F i s h e r L B P V L 0 0 0 1 .5 5 . 4 1 1 . 8 3 5 . 8

1 - L B P H L 0 0 0 0 5 . 4 1 1 . 8 2 1 . 2

1 - S V M L B P V L 0 0 0 0 .1 5 . 4 1 2 . 9 3 1 . 6

(b) FNIR values

Figure 5 .1 1 : O n e  F V C 2 0 0 4  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  v e r s u s  

e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

5.3.5 SDUMLA Fingerprint Identification Performance

R e f e r r i n g  t o  F i g u r e s  5 . 1 3 b  a n d  5 . 1 4 b , t h e  S D U M L A  f i n g e r p r i n t  d a t a s e t s  a l s o  f a v o u r  L B P H ,  

w h i c h  a c h i e v e s  t h e  h i g h e s t  D I R .  S V M  p e r f o r m s  w e l l  a t  l o w e r  F P I R  v a l u e s  a n d  f o r  t h i s  

d a t a s e t  m o r e  t r a i n i n g  s a m p l e s  i m p r o v e  p e r f o r m a n c e  o f  a l l  c l a s s i f i e r s  s i m i l a r l y .  I n  f a c t ,  

t h e y  a c h i e v e  s i m i l a r  a c c u r a c i e s  a t  F P I R  =  1 0 0 % .  L B P V L  a n d  H E L  p e r f o r m  s i m i l a r l y  f o r  

t h i s  S D U M L A  f i n g e r p r i n t  d a t a s e t .  P o o r  p e r f o r m a n c e  b y  L B P H  f o r  o n e  t r a i n i n g  s a m p l e  

w h e n  F P I R  <  1 i s  n o t i c e a b l e .

I n  Z u o b i n  e t  a l. ( 2 0 1 7 ) ’ s  v e r i f i c a t i o n  a p p r o a c h ,  f i v e - f o l d  c r o s s - v a l i d a t i o n  i s  p e r f o r m e d  o n  

t h e  l e f t  i n d e x  f i n g e r p r i n t  f o r  t e n  r u n s  o n  t h e  1 0 6  s u b j e c t s  a n d  t h e  r e c o g n i t i o n  r e s u l t s  

a r e  a v e r a g e d .  T a b l e  5 . 1 2  s h o w s  r e s u l t s  o f  8 8 . 5 3 %  a n d  1 0 0 %  f o r  t h e  r e l a t e d  s t u d y  a n d  

p r o p o s e d  L B P H L  m e t h o d ,  r e s p e c t i v e l y .  L B P H L  a l s o  a c h i e v e s  z e r o  e r r o r  w h e n  u s i n g  o n l y
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Classifier 0.1 0 .5 1 5 10 30 100
3 - E i g e n L B P V L 0 0 0 1 2 . 9 5 . 8 1 6 . 7

3 - F i s h e r L B P V L 0 0 0 1 .5 3 . 9 8 . 8 2 0 . 5

3 - L B P H L 0 0 0 1 1 5 . 9 1 4 . 7

3 - S V M L B P V L 0 0 0 1 1 5 . 6 1 4 .5

(b) FNIR values

Figure 5 .1 2 : T h r e e  F V C 2 0 0 4  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  v e r s u s  

e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

t h r e e  t r a i n i n g  s a m p l e s  a n d  t e s t i n g  t w o  t e s t  s a m p l e s ,  f r o m  t h e  f i r s t  f i v e  s a m p l e s  p e r  s u b j e c t  

i n  t h e  d a t a s e t .

5.3.6 Discussion of Fingerprint Results

T h e  E i g e n ,  F i s h e r  a n d  S V M  r e s u l t s  i m p r o v e d  g r e a t l y  w i t h  t h e  u s e  o f  H E L  o r  L B P V L .  

A l t h o u g h  l i g h t i n g  n o r m a l i z a t i o n  d i d  n o t  b e n e f i t  L B P H ,  t h e  a d d i t i o n  o f  t h e  L o G  f i l t e r  d i d  

i m p r o v e  i t s  r e s u l t s .  P a r a m e t e r  t u n i n g  p r o v i d e d  t h e  g r e a t e s t  i m p r o v e m e n t  t o  L B P H  a n d  

i s  a n  i s s u e  t h a t  w i l l  b e  f u r t h e r  e x p l o r e d  w h e n  t e s t i n g  t h e  o t h e r  m o d a l i t i e s .

T h e  M C Y T  e x p e r i m e n t s  o n  l e v e l s  o f  c o n t r o l  i n d i c a t e  t h a t  F i s h e r ’ s  p e r f o r m a n c e  i s  s i g n i f 

i c a n t l y  a f f e c t e d  b y  t h e  q u a l i t y  o f  t h e  d a t a s e t  e v e n  w h e n  u s i n g  a  s i n g l e  t r a i n i n g  s a m p l e .



Chapter 5. Proposed Fingerprint Recognition System and Results 108

T able 5 .1 1 : C o m p a r a t i v e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  a p p r o a c h  f o r  f i n g e r p r i n t  v e r i f i c a 

t i o n  o n  t h e  F V C 2 0 0 4  d a t a s e t .

A p p roach E E R  ( % )

1 - L B P H L 3 . 6

C h e n  e t  a l. ( 2 0 0 6 b ) 4 . 4

L u o  e t  a l. ( 2 0 0 0 ) 9 .1

Classifier 0.1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 0 0 0 . 3 7 . 8 1 8 . 9

1 - F i s h e r L B P V L 0 0 0 0 0 . 3 8 . 3 1 9 .1

1 - L B P H L 0 0 0 0 0 . 8 3 . 4 1 4 .1

1 - S V M L B P V L 0 0 0 0 0 . 9 7 .5 1 8 . 9

(b) FNIR values

Figure 5 .1 3 : O n e  S D U M L A  f i n g e r p r i n t  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  

D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

T h e  o t h e r  t w o  d a t a s e t s ,  F V C 2 0 0 4  a n d  S D U M L A ,  w e r e  m o r e  c h a l l e n g i n g  a s  c o n f i r m e d  

b y  t h e  r e s u l t s ,  e v e n  t h o u g h  t h e y  c o n t a i n  8 - f o l d  f e w e r  c l a s s e s  t h a n  M C Y T .  F i s h e r  c o n s i s 

t e n t l y  p e r f o r m e d  p o o r l y  o n  t h e s e  l a s t  t w o  d a t a s e t s  e s p e c i a l l y  w h e n  u s i n g  m u l t i p l e  t r a i n i n g  

s a m p l e s .

S V M  a v o i d s  f a l s e  p o s i t i v e s  m u c h  b e t t e r  t h a n  o t h e r  c l a s s i f i e r s  a n d  t h u s  a p p e a r s  t o  p e r f o r m  

m o s t  c o n s i s t e n t l y  a t  l o w e r  F P I R  v a l u e s .  T h i s  c o u l d  b e  a t t r i b u t e d  t o  t h e  u s e  o f  p r o b a b i l i t y
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Classifier 0.1 0 .5 1 5 10 30 100
3 - E i g e n L B P V L 0 0 0 0 0 0 . 4 4 . 3

3 - F i s h e r L B P V L 0 0 0 0 0 . 5 0 . 6 5 . 3

3 - L B P H L 0 0 0 0 0 . 3 0 . 5 2 . 7

3 - S V M L B P V L 0 0 0 0 0 . 4 0 . 9 3 . 6

(b) FNIR values

Figure 5 .1 4 : T h r e e  S D U M L A  f i n g e r p r i n t  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  t e s t  i m a g e s :  

( a )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

e s t i m a t e s  c o m p a r e d  t o  n e a r e s t - n e i g h b o u r  d i s t a n c e  v a l u e s  f o r  d e t e r m i n i n g  w h e n  t o  r e j e c t  

a n  i m p o s t o r .  B a s e d  o n  t h e  o v e r a l l  r e s u l t s ,  a  w e a k n e s s  o f  t h e  t e x t u r e - b a s e d  f i n g e r p r i n t  

m e t h o d  i s  t h a t  e v e n  w h e n  d e t e c t i n g  t h e  c o r e  a c c u r a t e l y ,  w a r p e d  t e x t u r e  o f t e n  r e s u l t s  

i n  b a d  a c c u r a c y  i n  g e n e r a l  r e g a r d l e s s  o f  t h e  m e t h o d  u s e d ,  a l b e i t  t o  a  l e s s e r  e x t e n t  w i t h  

L B P H .  F u r t h e r m o r e ,  L B P H  s o m e t i m e s  a c h i e v e s  w o r s e  F N I R  v a l u e s  t h a n  o t h e r  c l a s s i f i e r s ,  

e s p e c i a l l y  a s  t h e  m a t c h i n g  t h r e s h o l d  i s  d e c r e a s e d .

5.4 Summary

T h i s  c h a p t e r  d e s c r i b e d  t h e  a l g o r i t h m s  i m p l e m e n t e d  f o r  c o n s t r u c t i n g  t h e  p r o p o s e d  f i n 

g e r p r i n t  r e c o g n i t i o n  s y s t e m .  T h e  f i r s t  s t e p  a f t e r  a c q u i r i n g  t h e  p r e p r o c e s s e d  i m a g e  w a s
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T able 5 .1 2 : C o m p a r a t i v e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  a p p r o a c h  f o r  f i n g e r p r i n t  v e r i f i c a 

t i o n  o n  t h e  S D U M L A  f i n g e r p r i n t  d a t a s e t .

A p p roach ( % )

L B P H L 1 0 0

Z u o b i n  e t  a l .  ( 2 0 1 7 ) 8 8 . 5

p r e s e g m e n t i n g  t h e  s i l h o u e t t e  o f  t h e  f i n g e r p r i n t .  K e y p o i n t s  w e r e  d e t e c t e d  a n d  a l i g n e d  s u c h  

t h a t  t h e  c o r e  p o i n t  o f  t h e  f i n g e r p r i n t  w a s  s e l e c t e d  a s  t h e  c e n t r e  o f  t h e  R O I ,  c o n s i s t i n g  

o f  5 0 %  o f  t h e  p r e s e g m e n t e d  i m a g e .  T h e  c o m m o n  p o s t p r o c e s s i n g  m e t h o d  e n s u r e d  w e l l -  

a l i g n e d  f i n g e r p r i n t s  w i t h  c o n s i s t e n t  l i g h t i n g  b e f o r e  p r o v i d i n g  t h e  c l a s s i f i e r s  w i t h  f e a t u r e  

v e c t o r s  o b t a i n e d  f r o m  t h e  p i x e l  v a l u e s  o f  t h e  R O I .

I n  t h i s  c h a p t e r  w e  a l s o  e v a l u a t e d  t h e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  f i n g e r p r i n t  r e c o g n i t i o n  

s y s t e m  b y  f i r s t  t u n i n g  c l a s s i f i e r  p a r a m e t e r s  o n  t h e  M C Y T  d a t a s e t ,  w h i c h  u s e d  a  c a p a c 

i t i v e  s e n s o r ,  f o l l o w e d  b y  o p e n - s e t  i d e n t i f i c a t i o n  r e s u l t s  o n  t h r e e  f i n g e r p r i n t  d a t a s e t s  t h a t  

u s e d  d i f f e r e n t  a c q u i s i t i o n  m e t h o d s  i n c l u d i n g  s e n s o r s .  E i g e n  a n d  F i s h e r  c l a s s i f i e r s  a c h i e v e d  

s i m i l a r  a c c u r a c i e s  f o r  a  s i n g l e  t r a i n i n g  s a m p l e .  A  t r e n d  w a s  o b s e r v e d  w h e r e  S V M  n o t i c e 

a b l y  f a v o u r e d  a  b e t t e r  F P I R  t h a n  F N I R  r e l a t i v e  t o  t h e  o t h e r  c l a s s i f i e r s .  B a s e d  o n  t h e  

a v e r a g e ,  t h i s  t r e n d  s u g g e s t s  t h a t  S V M  f a l s e l y  r e j e c t s  s l i g h t l y  m o r e  g e n u i n e  i n d i v i d u a l s  

b u t  c o r r e c t l y  r e j e c t s  m o r e  i m p o s t o r s  n o t i c e a b l y  m o r e  t h a n  t h e  o t h e r  c l a s s i f i e r s .  L B P H L  

o u t p e r f o r m e d  t h e  o t h e r  t h r e e  c l a s s i f i e r s  i n  g e n e r a l ;  w h e t h e r  t h i s  r e m a i n s  t o  b e  t h e  c a s e  

f o r  t h e  o t h e r  m o d a l i t i e s ,  i s  c o n s i d e r e d  i n  t h e  f o l l o w i n g  c h a p t e r s .
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Results

T h i s  c h a p t e r  e x p l a i n s  t h e  a l g o r i t h m s  u s e d  t o  d e t e c t  t h e  i n i t i a l  f a c e  w i n d o w  a n d  a l i g n  k e y -  

p o i n t s  w i t h i n  t h a t  w i n d o w ,  k n o w n  a s  l a n d m a r k s ,  f o r  v a r i o u s  f a c e  p o s e s  a n d / o r  o c c l u s i o n s .  

T h e s e  l a n d m a r k s  a r e  o r g a n i z e d  a s  a  m e s h  o f  t r i a n g l e s ,  w h i c h  a r e  u s e d  t o  a l i g n  a n  i n p u t  

f a c e  i m a g e  a c c o r d i n g  t o  a  d a t a b a s e  f a c e  i m a g e  w i t h  t h e  u s e  o f  a  n o v e l  m e t h o d ,  c a l l e d  

v a r i e d  r e f e r e n c e  a n g l e  ( V R A 1 ) . T h e  V R A  m e t h o d  i s  v a l i d a t e d  a n d  c l a s s i f i e r  p a r a m e t e r s  

a r e  t u n e d .  T h e  o p e n - s e t  i d e n t i f i c a t i o n  a c c u r a c y  i s  t e s t e d  o n  t h r e e  d a t a s e t s  a n d  t h e  r e s u l t s  

a r e  d i s c u s s e d .

6.1 Aligning Face Features

T h e  k e y p o i n t s  o n  t h e  f a c e ,  t h a t  a r e  u s e d  f o r  a l i g n m e n t ,  a r e  t h e  e y e s ,  n o s e  a n d  m o u t h .  

T h e s e  p o i n t s  a r e  u s e d  t o  c r e a t e  a  b o r d e r  a r o u n d  t h e  f a c e ,  w h i c h  h e l p s  t o  a v o i d  t y p i c a l  

c h a n g e s  t o  t h e  f e a t u r e s  o n  a n d  a r o u n d  t h e  f a c e  c a u s e d  b y  h a i r ,  o c c l u d e d  e a r s  a n d  n e c k  

s c a r v e s .

1VRA: First developed in our previous work (Brown and Bradshaw, 2017b).

111
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T h e  f a c e  r e g i s t r a t i o n  p r o c e s s  i s  s u m m a r i z e d  a s  f o l l o w s .  F a c e  d e t e c t i o n  i s  t h e  f i r s t  s t e p  i n  

a l i g n i n g  i n p u t  f a c e  i m a g e s  a c c o r d i n g  t o  t h e  d a t a b a s e  f a c e  i m a g e s .  F a c e  l a n d m a r k  d e t e c t i o n  

f o l l o w s  w h e r e b y  6 8  l a n d m a r k s  c o m p r i s i n g  t h e  k e y p o i n t s  o n  t h e  f a c e  a r e  d e t e c t e d .  T h e  

i n p u t  f a c e  i m a g e  i s  s u b s e q u e n t l y  a l i g n e d  b y  t e x t u r e  w a r p i n g  a c c o r d i n g  t o  a  D e l a u n a y  

t r i a n g u l a t i o n  m e s h  ( K o u z a n i  e t  a l . , 2 0 0 0 ) .

6.1.1 Face Detection

B e f o r e  f a c e  l a n d m a r k s  c a n  b e  d e t e c t e d ,  a n  i n i t i a l  b o u n d i n g  b o x  a r o u n d  t h e  f a c e  m u s t  b e  

e s t i m a t e d .  I n  p r o f i l e  p o s e s ,  t h i s  i n i t i a l i z a t i o n  c a n  f a l l  o u t s i d e  t h e  f a c e  r e g i o n  r e s u l t i n g  i n  a  

b a d  b a s e  m e s h  t h a t  c a n n o t  c o n v e r g e  t o  t h e  a c t u a l  f a c e  s h a p e .  T h e  i n i t i a l  b o u n d i n g  b o x  i s  

t h u s  d e t e r m i n e d  v i a  a  f a c e  d e t e c t i o n  m e t h o d  b a s e d  o n  t h e  H o G  d e t e c t o r  o f  F e l z e n s z w a l b  

e t  a l .  ( 2 0 1 0 ) , b u t  u s i n g  t h e  i m p r o v e d  w i n d o w  s c o r i n g  a l g o r i t h m  o f  K i n g  ( 2 0 1 5 ) , w h i c h  

u s e s  a  s i m i l a r  m a x i m u m  m a r g i n  m e t h o d  a s  a  l i n e a r  S V M ,  a s  d e s c r i b e d  i n  S e c t i o n  3 . 2 . 2 .

A  f a c e  d e t e c t i o n  m o d e l  i s  t r a i n e d  u s i n g  M M O D  ( K i n g , 2 0 1 5 )  o n  t h e  f e a t u r e  v e c t o r s  p r o 

d u c e d  b y  t h e  i m p r o v e d  H o G  d e t e c t o r  a s  f o l l o w s :

F a c e s  s m a l l e r  t h a n  t h e  8 0  x  8 0  H o G  f i l t e r  b o x  a r e  d e t e c t e d  b y  u p s a m p l i n g  t h e  i m a g e  u s i n g  

t h e  G a u s s i a n  p y r a m i d  m e t h o d  ( A d e l s o n  e t  a l . , 1 9 8 4 )  a n d  i s  u s e d  w h e n  M M O D  d e t e c t s  

a  h i g h e r  s c o r e .  F i v e  H o G  f i l t e r s  a r e  t r a i n e d  u s i n g  M M O D ,  c o n s i s t i n g  o f  t h e  f o l l o w i n g  

s a m p l e s  t a k e n  f r o m  t h e  l a b e l l e d  f a c e s  i n  t h e  w i l d  f a c e  c r o p p e d  d a t a s e t  ( H u a n g  e t  a l . , 

2 0 0 7 ) : o n e  f r o n t a l ,  a n d  t h e  r e m a i n i n g  f o u r  a t  l e f t ,  r i g h t ,  u p  a n d  d o w n  p o s e s  o f  4 5 ° .  

T h e  n u m b e r  o f  t r a i n i n g  s a m p l e s  p e r  p o s e  i s  4 7 4 8 .  T h e  H o G  f i l t e r s  a r e  t r a i n e d  u s i n g  

t h e  f o l l o w i n g  M M O D  p a r a m e t e r s  ( E q u a t i o n  3 . 5 ) : C  =  7 0 0 ,  e  =  0 . 0 5 C , L f a =  1 , a n d  

L m is s  =  1 . T h e  H o G  d e t e c t o r  o p e r a t e s  b y  c r e a t i n g  a n  i m a g e  p y r a m i d  a n d  s c a n n i n g  t h e  

d e t e c t o r  o v e r  e a c h  p y r a m i d  l e v e l  i n  a  s l i d i n g  w i n d o w  f a s h i o n  t h u s  g e n e r a t i n g  m u l t i p l e  

c a n d i d a t e  w i n d o w s .  T h e  i m a g e  p y r a m i d  d o w n s a m p l e s  a t  a  r a t i o  o f  | .

T h e  t h r e s h o l d s  o f  N M S  a n d  M M O D  f o r  w i n d o w  o v e r l a p s  a r e  s e t  a s  f o l l o w s .  M o r e  t h a n  o n e  

w i n d o w  i s  c o n s i d e r e d  b y  M M O D  w h e n  t h e i r  u n i o n  c o n t r i b u t e s  a t  l e a s t  7 5 %  o f  a  8 0  x  8 0  

w i n d o w  a n d  a r e  u s e d  a s  o u t p u t .  A n y  ( r e m a i n i n g )  w i n d o w s  w i t h  l e s s  t h a n  4 0 %  o v e r l a p
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a r e  r e j e c t e d  b y  N M S .  T h i s  l e a d s  t o  a  s i n g l e  d e t e c t i o n  w i n d o w  t h a t  r e s u l t s  e i t h e r  f r o m  

o v e r l a p p e d  w i n d o w s  a g g r e g a t e d  b y  M M O D  ( d u e  t o  a  h i g h e r  c o m b i n e d  s c o r e )  o r  s e l e c t i n g  

a  s i n g l e  w i n d o w  w i t h  t h e  h i g h e s t  s c o r e  r e m a i n i n g  f r o m  N M S .

6.1.2 Initial Face Alignment

A n  i n i t i a l  a l i g n m e n t  i s  p e r f o r m e d  b y  m a p p i n g  t h e  e y e s  o f  t h e  i n p u t  i m a g e  t o  r e f e r e n c e  

c o o r d i n a t e s  l o c a t e d  a t  t h e  c e n t r e  o f  t h e  d e t e c t e d  f a c e  w i n d o w  u s i n g  a  s i m i l a r i t y  t r a n s f o r 

m a t i o n .  T h i s  c a t e r s  f o r  m a t c h i n g  f a c e  i m a g e s  w i t h  d i f f e r e n t  s c a l e s  a n d  l a r g e  d i f f e r e n c e s  

i n  t h e  p o s e  a n g l e .  T h e  r e s u l t i n g  w a r p e d  i n p u t  i m a g e  i s  t h u s  a l i g n e d  s u c h  t h a t  t h e  i n t e r 

e y e  d i s t a n c e  a n d  c h i n - e y e  d i s t a n c e  a r e  t h e  s a m e ,  u s i n g  t h e  f o l l o w i n g  l a n d m a r k s :  3 7  ( l e f t  

e y e ) ,  4 6  ( r i g h t  e y e )  a n d  9  ( c h i n ) .  T h e s e  l a n d m a r k s  a r e  d e n o t e d  i n  F i g u r e  6 .1  a n d  f u r t h e r  

e x p l a i n e d  i n  t h e  n e x t  s e c t i o n .  T h e  a f f i n e  t r a n s f o r m a t i o n  T  p e r f o r m s  r o t a t i o n ,  s c a l i n g  a n d
r -  T  r i T

t r a n s l a t i o n  t o  m a p  a  p o i n t  

f a c e  a s  f o l l o w s :

X y o n  t h e  i n p u t  f a c e  t o  a  p o i n t X o n  t h e  r e f e r e n c e

X a b X t x
= +

_ y '_ c d y t y

( 6 . 1 )

w h e r e  a ,  b , c ,  a n d  d  a r e  t h e  r o t a t i o n  a n d  s c a l i n g  p a r a m e t e r s ,  a n d  t x ,  t y  a r e  t h e  t r a n s l a t i o n  

p a r a m e t e r s .  T h e  r o u g h l y  a l i g n e d  i n p u t  i m a g e  i s  a c c u r a t e l y  a l i g n e d  b y  r e m a p p i n g  t r i a n g l e  

r e g i o n s  o n  t h e  f a c e  a s  e x p l a i n e d  i n  t h e  n e x t  s e c t i o n .

6.1.3 Automated Face Landmark Detection and Labelling

F a c e  l a n d m a r k  d e t e c t i o n  i s  a c h i e v e d  b y  i m p l e m e n t i n g  t h e  r e g r e s s i o n  t r e e  m e t h o d  b y  

K a z e m i  a n d  S u l l i v a n  ( 2 0 1 4 )  e x p l a i n e d  i n  S e c t i o n  3 . 2 . 2 , u s i n g  t h e  D l i b  l i b r a r y  ( K i n g , 

2 0 0 9 ) . I n  t h e  p r o p o s e d  i m p l e m e n t a t i o n ,  a  c a s c a d e  o f  r e g r e s s o r s  c o n s i s t i n g  o f  f a c i a l  l a n d 

m a r k s  i m p e r a t i v e  f o r  t h e  a l i g n m e n t  p r o c e s s ,  i s  b u i l t  b y  c o n t i n u a l l y  u p d a t i n g  a  v e c t o r  

o f  6 8  p o i n t s ,  w i t h i n  t h e  i n i t i a l  w i n d o w  d e t e c t e d  i n  S u b s e c t i o n  6 . 1 . 1 .  T h e  6 8  l a n d m a r k s
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F igure 6 .1 : F a c e  l a n d m a r k s  [ t a k e n  f r o m  ( S a g o n a s  e t  a l . , 2 0 1 6 ) ] .

a r e  m a i n l y  l o c a t e d  a s  o u t l i n e  p o s i t i o n s  s u r r o u n d i n g  t h e  e y e s ,  n o s e ,  a n d  m o u t h  r e g i o n s  a s  

s h o w n  i n  F i g u r e  6 . 1 .

T r a i n i n g  d a t a  s a m p l e s ,  a c q u i r e d  f r o m  t h e  i B U G  3 0 0 - W  f a c e  l a n d m a r k  d a t a s e t  ( S a g o n a s  

e t  a l . , 2 0 1 6 ) , i n c l u d e  t h e  c o o r d i n a t e s  o f  a l l  6 8  p o i n t s  p e r  f a c e .  T h e  l e a r n i n g  s t a g e  i s  

c o n d u c t e d  b y  t r a i n i n g  c o o r d i n a t e s  a s  a  s e t  o f  t r i p l e t s  f o r m i n g  t h e  i n p u t  o f  t h e  l e a r n i n g  

f u n c t i o n  f o r  t h e  n e x t  r e g r e s s o r  i n  a n  i t e r a t i v e  p r o c e s s .  A  d e c i s i o n  i s  m a d e  b a s e d  o n  t h e  

d i f f e r e n c e  b e t w e e n  t h e  i n t e n s i t i e s  o f  t w o  p i x e l s  a t  e a c h  s p l i t  n o d e  i n  t h e  r e g r e s s i o n  t r e e .  

T h e  d i f f e r e n c e  d e f i n e s  c o o r d i n a t e s  o f  t h e  m e a n  s h a p e  o f  t h e  f a c e .

6.1.4 Face Mesh

T h e  l a n d m a r k  p o i n t s  e n a b l e  t h e  c o m p u t a t i o n  o f  a  D e l a u n a y  t r i a n g u l a r  m e s h  t h a t  c o v e r s  

m o s t  o f  t h e  f a c e ,  a v o i d i n g  t h e  f o r e h e a d  a r e a  d u e  t o  t y p i c a l  o c c l u s i o n s  s u c h  a s  h a i r  a n d  

v a r i o u s  a c c e s s o r i e s .  T h e  f a c e  m e s h  i s  c o n s t r u c t e d  s u c h  t h a t  n o  l a n d m a r k  i s  i n s i d e  t h e  

c i r c u m c i r c l e  o f  a n y  t r i a n g l e .  T h e  p o s e  a n g l e  c a n  b e  a c c u r a t e l y  e s t i m a t e d  b a s e d  o n  t h e  

l o c a t i o n  o f  s i x  c o o r d i n a t e s ,  t h a t  i s ,  t h e  n o s e ,  e y e s ,  l e f t  m o u t h  e d g e ,  r i g h t  m o u t h  e d g e  a n d
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F igure 6 .2 : T h e  s i x  l a n d m a r k s  ( b l u e  d o t s )  o n  a  f a c e  m e s h  u s e d  f o r  p o s e  a n g l e  e s t i m a t i o n .

c h i n  a s  s h o w n  i n  F i g u r e  6 . 2 . T h e  p o s e  a n g l e  e s t i m a t i o n  i s  c a r r i e d  o u t  u s i n g  O p e n C V ’ s 

i m p l e m e n t a t i o n  o f  t h e  P e r s p e c t i v e - n - P o i n t  ( G a o  e t  a l . , 2 0 0 3 )  w i t h  t h e  s i x  c o o r d i n a t e s  

g i v e n  a s  i n p u t .

6.1.5 Face Frontalization

T h e  c u r r e n t  s t a t e - o f - t h e - a r t  b i o m e t r i c  s y s t e m s  a l i g n  t e x t u r e  b e f o r e  p e r f o r m i n g  f a c e  r e c o g 

n i t i o n  b e t w e e n  i m a g e s  u s i n g  f r o n t a l i z a t i o n  a s  p e r f o r m e d  b y  H a g h i g h a t  e t  a l.  ( 2 0 1 6 )  i n  

S e c t i o n  3 . 5 . 2 . T h e  o b j e c t i v e  o f  t h i s  a p p r o a c h  i s  t o  p e r f o r m  a f f i n e  t r a n s f o r m a t i o n s  o f  c o r r e 

s p o n d i n g  t r i a n g l e s  o n  b o t h  t h e  i n p u t  a n d  d a t a b a s e  m e s h  b y  u s i n g  a  f r o n t a l  m e s h  g e n e r a t e d  

f r o m  t h e  ( i d e a l  f r o n t a l )  l a n d m a r k  p o i n t s  i n  F i g u r e  6 .1  a s  r e f e r e n c e .  T h i s  m e t h o d  w o r k s  

w e l l  f o r  s m a l l e r  p o s e  a n g l e s ,  b u t  r e s u l t s  i n  s u b s t a n t i a l  d i s t o r t i o n  a b o v e  3 0 °  a s  s h o w n  

i n  F i g u r e  6 . 3 .  T h i s  o f t e n  l e a d s  t o  u t i l i z i n g  t h e  h a l f - f a c e  m e t h o d  d u e  t o  s e l f - o c c l u s i o n s  

o f  l a r g e  p o s e  a n g l e s .  H e n c e ,  a  n o v e l  a l t e r n a t i v e  t o  f a c e  f r o n t a l i z a t i o n  i s  c o n t r i b u t e d  i n  

t h e  n e x t  s e c t i o n ,  n a m e d  V R A  ( B r o w n  a n d  B r a d s h a w , 2 0 1 7 b ) , w h i c h  i s  c o m p a r e d  i n  t h e  

m e t h o d o l o g y  v a l i d a t i o n  s e c t i o n  w i t h  f r o n t a l i z a t i o n .
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(a) 25( (b) 45( (c) 60(

F igure 6 .3 : I n c r e a s i n g  l e v e l s  o f  d i s t o r t i o n  w i t h  l a r g e r  p o s e  a n g l e s  [ t a k e n  f r o m  ( P h i l l i p s  

e t  a l . , 1 9 9 8 ) ] .
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6.2 V R A  Segmentation

V R A  i s  a  n o v e l  f a s t  a c c u r a t e  f a c e  s e g m e n t a t i o n  m e t h o d  d e v e l o p e d  d u r i n g  t h i s  r e s e a r c h .  

V R A  i m p r o v e s  f a c e  r e c o g n i t i o n  v e r s a t i l i t y  b y  a c c e p t i n g  v a r i e d  a n g l e  f a c e  d a t a  f o r  e i -  

t h e r / b o t h  i n p u t  a n d  d a t a b a s e  i m a g e s  b y  c a l c u l a t i n g  t h e  s m a l l e s t - d i f f e r e n c e  p o s e  a n g l e  

b e t w e e n  t h e m  w i t h o u t  u s i n g  3 D  m o d e l l i n g .  T h e  s m a l l e s t - d i f f e r e n c e  a n g l e  i s  c a l c u l a t e d  b y  

a d d i n g  t h e  p o s e  a n g l e s  o f  a  d a t a b a s e  a n d  i n p u t  i m a g e ,  a n d  d i v i d i n g  t h e  r e s u l t  b y  t w o .  

V R A  a l l o w s  f o r  b o t h  t h e  r e m o v a l  o f  f r o n t a l  t r a i n i n g  d a t a  d e p e n d e n c e  b y  a c c e p t i n g  v a r i e d  

a n g l e  f a c e  d a t a ,  w h i c h  r e d u c e s  t h e  d i s t o r t i o n  f o r  a n g l e s  l a r g e r  t h a n  3 0 °  a n d  n o  l o n g e r  

r e q u i r i n g  t h e  h a l f - f a c e  m e t h o d  d u e  t o  s e l f - o c c l u s i o n s  a t  t h o s e  a n g l e s .  I t  i s  t h e o r i z e d  t h a t  

t h e  h a l f - f a c e  m e t h o d  l o s e s  m o r e  i n f o r m a t i o n  t h a n  V R A  f o r  s e l f - o c c l u d e d  f a c e  i m a g e s  ( d u e  

t o  l a r g e  p o s e  a n g l e s ) .

6.2.1 General VR A Procedure

F o l l o w i n g  t h i s  V R A  p r o c e d u r e  o n  i d e n t i f i c a t i o n ,  a  s c e n a r i o  w h e r e  9 s <  3 0 ° ,  a l l o w s  f o r  

f a c e  b i o m e t r i c  s y s t e m s  t o  i d e n t i f y  a n  i n d i v i d u a l  w i t h o u t  u s i n g  t h e  s m a l l e s t - d i f f e r e n c e  

a n g l e  ( n o r  f r o n t a l i z a t i o n ) ,  b u t  i n s t e a d  w a r p s  i n p u t  i m a g e s  a c c o r d i n g  t o  t h e  p o s e  a n g l e  

o f  t h e  i m a g e  i n  t h e  d a t a b a s e .  T h i s  e n a b l e s  a l l  d a t a b a s e  i m a g e s  t o  b e  u s e d  a s  i n p u t  f o r  

t r a i n i n g  s a m p l e s ,  a s  d i s t o r t i o n  i s  r e l a t i v e l y  l o w  o r  u n n o t i c e a b l e  a t  t h e s e  s m a l l e r  a n g l e s .  

W h e n  9 s >  3 0 ° ,  o n l y  t h e  d a t a b a s e  i m a g e ( s )  c l o s e s t  t o  t h e  s m a l l e s t - d i f f e r e n c e ,  w i t h  a  

1 0 °  t o l e r a n c e ,  a r e  u s e d  y i e l d i n g  t h e  b e s t  s e g m e n t a t i o n  r e s u l t  o v e r  h a v i n g  m u l t i p l e  b u t  

d i s t o r t e d  d a t a b a s e  i m a g e s  a s  t r a i n i n g  d a t a .  T h e  g e n e r a l  V R A  p r o c e d u r e  c a n  b e  b r o k e n  

d o w n  i n t o  t h e  f o l l o w i n g  s t e p s :

1 . G i v e n  i n p u t  i m a g e  I  a n d  s a m e  c l a s s  d a t a b a s e  i m a g e  s e t  { F x } ,  c o n t a i n i n g  a n g l e  s e t  

{ 9 x } .  A n g l e s  a r e  n e g a t i v e  i f  t h e y  a r e  l e f t  p o s e s .  L e t  9 s b e  t h e  s m a l l e s t - d i f f e r e n c e  

a n g l e  b e t w e e n  I  a n d  i t e m s  i n  { F x } ,  w h e r e  t h e  s e t  o f  d a t a b a s e  i m a g e s  m e e t i n g  t h e  

r e q u i r e m e n t s  w i t h i n  1 0 °  ( t o l e r a n c e )  o f  9 s i s  r e f e r r e d  t o  a s  { F s } .

2 .  I f  9 s <  3 0 ° ,  p e r f o r m  t h e  f o l l o w i n g :
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( a )  W a r p  I  t o  a n g l e  9s

( b )  P e r f o r m  t h e  p o s t p r o c e s s i n g  s t e p  ( S e c t i o n  4 . 1 . 3 )  o n  { F s }  a n d  I  t o  p r e p a r e  t h e m  

a s  t r a i n i n g  a n d  t e s t  s a m p l e s ,  r e s p e c t i v e l y .

3 .  I f  9 s >  3 0 ° ,  p e r f o r m  t h e  f o l l o w i n g :

( a )  M i r r o r  I  w h e n  I  a n d  p o s e  a n g l e s  { 9 x }  o f  { F x }  a r e  i n  d i f f e r e n t  d i r e c t i o n s

( b )  R e c a l c u l a t e  { F s }  a s  { F sS} ,  a n d  i f  t h e  n e w  a n g l e  9 s i s  g r e a t e r  ( w o r s e )  t h a n  1 0 °  

a w a y  f r o m  t h e  o l d  v a l u e ,  w a r p  b o t h  I  a n d  t h e  o r i g i n a l  { F s }  i m a g e s  t o  t h e  

o r i g i n a l  a n g l e  9 s . O t h e r w i s e :

( c )  W a r p  b o t h  I  a n d  t h e  n e w  ( m i r r o r e d )  s e t  o f  i m a g e s  { F sS}  t o  t h e  n e w  a n g l e  9's

( d )  P e r f o r m  t h e  p o s t p r o c e s s i n g  s t e p  ( S e c t i o n  4 . 1 . 3 )  o n  { F S }  a n d  I  t o  p r e p a r e  f o r  

c l a s s i f i c a t i o n

A n  e x c e p t i o n  t o  t h e  a b o v e  p r o c e d u r e  i s  m a d e  w h e n  w a r p i n g  a w a y  f r o m  t h e  s e l f - o c c l u d e d  

s i d e  o f  a  f a c e  w i t h  a  p o s e  a n g l e  l a r g e r  t h a n  6 0 ° .  T h i s  l i m i t  i s  s e t  a s  w a r p i n g  i n  t h i s  

w a y  y i e l d s  t h e  l e a s t  u s a b l e  ( a l m o s t  f u l l y  o c c l u d e d )  d a t a .  I n  o t h e r  w o r d s ,  l e s s  d a t a  i s  

l o s t  w h e n  w a r p i n g  a  f a c e  i m a g e  w i t h  a  s m a l l e r  p o s e  a n g l e  t o  a  l a r g e r  p o s e  a n g l e  t h a n  

v i c e  v e r s a .  I n  t h i s  c a s e  e i t h e r  t h e  i n p u t  o r  d a t a b a s e  i m a g e  i s  w a r p e d  t o w a r d  w h i c h e v e r  

i m a g e  h a s  t h e  l a r g e r  p o s e  a n g l e .  T h e  g e n e r a l  V R A  p r o c e d u r e  i s  e f f e c t i v e  i n  v e r i f i c a t i o n  

s y s t e m s  a s  m o d e l s  a r e  t r a i n e d  o n l y  f o r  a  s i n g l e  c l a s s  a n d  c a n  t h u s  b e  e a s i l y  m a n i p u l a t e d  

w i t h  i n s i g n i f i c a n t  t i m e  p e n a l t i e s  w h e n  c o m p a r e d  w i t h  i d e n t i f i c a t i o n  s y s t e m s .  T h e r e f o r e ,  

a n  a l t e r n a t i v e  V R A  a p p r o a c h  i s  p r o p o s e d  f o r  i d e n t i f i c a t i o n  i n  t h e  f o l l o w i n g  s u b s e c t i o n .

6.2.2 Practical VR A Implementation for Face Identification

O p e r a t i o n s  o n  t h e  d a t a b a s e  i m a g e  a r e  a v o i d e d  w h e r e  p o s s i b l e  f o r  p r a c t i c a l  c o n s i d e r a t i o n s .  

T h e r e f o r e ,  t h i s  i m p l e m e n t a t i o n  o f  t h e  V R A  p r o c e d u r e  a v o i d s  m o d i f y i n g  t h e  m o d e l  u s e d  f o r  

c l a s s i f i c a t i o n ,  s u c h  t h a t  c o n t i n u o u s  m o d e l  r e t r a i n i n g  d u r i n g  ( 1 : N )  t e s t i n g  i s  n o t  r e q u i r e d .  

T h i s  V R A  a p p r o a c h  i s  t h u s  i d e a l  f o r  a p p l i c a t i o n s  w i t h  l i m i t e d  a c c e s s  t o  d a t a  b u t  r e q u i r e
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a  r e a l - t i m e  r e s p o n s e ,  s u c h  a s  u s i n g  a n  I D  p h o t o  a s  a  d a t a b a s e  i m a g e  t o  i d e n t i f y  a  m i s s i n g  

i n d i v i d u a l  o n  c a m e r a  f e e d s  a t  a r b i t r a r y  p o s e  a n g l e s .  T h e  s m a l l e s t - d i f f e r e n c e  a n g l e  i s  

l i m i t e d  b y  s t o r i n g  f i x e d  d a t a b a s e  a n g l e s  a t  3 0 ° ,  4 5 ° ,  6 0 °  a n d  7 5 °  t o  a v o i d  m o d i f y i n g  t h e  

m o d e l  a f t e r  t r a i n i n g  i t  ( e x c e p t  w h e n  a d d i n g  a  n e w  c l a s s ) .  T h i s  i s  f u r t h e r  e x p l a i n e d  i n  t h e  

e x a m p l e  b e l o w .

G i v e n  a  s i n g l e  i n p u t  a n d  d a t a b a s e  i m a g e ,  i f  t h e i r  c o r r e s p o n d i n g  i n p u t  a n d  d a t a b a s e  m e s h e s  

h a v e  0 °  a n d  5 5 °  p o s e  a n g l e s ,  r e s p e c t i v e l y ,  t h e y  a r e  b o t h  w a r p e d  b y  s h i f t i n g  t h e m  t o w a r d  

t h e  s m a l l e s t - d i f f e r e n c e  a n g l e ,  w h i c h  i s  i d e a l l y  2 7 °  i n  t h i s  c a s e .  T h i s  e x a m p l e  p r o c e e d s  a s  

f o l l o w s :

F o r  p r a c t i c a l  c o n s i d e r a t i o n s  o f  i d e n t i f i c a t i o n  e x p e r i m e n t s  i n  t h i s  c h a p t e r ,  a l l  s t e p s  o n  t h e  

i n p u t  i m a g e  o n l y  t a k e  p l a c e  a t  t h e  c l a s s i f i c a t i o n  s t e p  a n d  d a t a b a s e  i m a g e s  a r e  p r o c e s s e d  

a s  f o l l o w s .  T h e  F x  i m a g e s  w i t h  ( r i g h t )  p o s e s  o f  3 0 ° ,  4 5 ° ,  6 0 °  a n d  7 5 °  a r e  e a c h  t r a i n e d  a s  a  

s e p a r a t e  m o d e l  w h e n  u s e d  l a t e r  i n  t h e  c l a s s i f i c a t i o n  s t e p .  M i r r o r i n g  i s  t h u s  p e r f o r m e d  o n  

a l l  d a t a b a s e  i m a g e s  t h a t  h a v e  l e f t  p o s e s .  U s i n g  t h e s e  f i x e d  a n g l e s  a v o i d s  r e t r a i n i n g  a  m o d e l  

e a c h  t i m e  a n  i n p u t  i m a g e  i s  t e s t e d  i n  s c e n a r i o s  w h e r e  9 s >  3 0 ° .  H o w e v e r ,  i f  t h e  d a t a b a s e  

i m a g e s  d o  n o t  c o n t a i n  t h e s e  f i x e d  a n g l e s  o r  a r e  s i m p l y  l i m i t e d  ( a s  i n  t h i s  e x a m p l e ) ,  t h e  

f o l l o w i n g  w a r p s  a r e  p e r f o r m e d  o n  t h e  d a t a b a s e  i m a g e  t o  g e n e r a t e  t h e  m i s s i n g  f i x e d  a n g l e s .  

T h e  s e t  o f  d a t a b a s e  i m a g e s  t h a t  m a t c h  t h e  f i x e d  a n g l e s  t h e  c l o s e s t  a r e  w a r p e d  a c c o r d i n g  

t o  t h e  a d j a c e n t  f i x e d  a n g l e  i n  e i t h e r  d i r e c t i o n  b y  g i v i n g  p r e f e r e n c e  t o  w a r p i n g  s m a l l e r  p o s e  

a n g l e d  i m a g e s  t o  b i g g e r  o n e s .

D u r i n g  t h e  c l a s s i f i c a t i o n  s t e p  i n  t h i s  e x a m p l e ,  3 0 °  i s  s e l e c t e d  a s  t h e  b e s t  d a t a b a s e  c a n 

d i d a t e  a n d  i s  t h u s  t h e  t r a i n i n g  i m a g e .  T h e r e f o r e ,  w h e n  t h e  p o s e  a n g l e  o f  I  e q u a l s  5 5 ° ,  

t h e  t e s t  s a m p l e  ( t h a t  i s  I )  i s  w a r p e d  t o  3 0 °  a n d  i t s  c l a s s  i s  p r e d i c t e d  a g a i n s t  t h e  t r a i n i n g  

s a m p l e  ( c o n t a i n i n g  a  f i x e d  3 0 °  p o s e  a n g l e )  w i t h i n  t h e  m o d e l .

W h i l e  t h e  a b o v e  i d e n t i f i c a t i o n  p r o b l e m  c a n  b e  v i e w e d  a s  a  d i s a d v a n t a g e ,  t h e  f a c t  t h a t  

V R A  d o e s  n o t  r e q u i r e  t h e  t r a i n i n g  i m a g e  t o  b e  f r o n t a l  o r  n e a r - f r o n t a l  m e a n s  i n c r e a s e d  

a p p l i c a t i o n  v e r s a t i l i t y .  I n  t h e  c l a s s i f i c a t i o n  s t e p  o n l y  t h e  b e s t  ( t y p i c a l l y  o n e )  d a t a b a s e  

i m a g e ,  a s  d e t e r m i n e d  b y  V R A ,  i s  u s e d  a s  a  t r a i n i n g  s a m p l e  f o r  a  m o d e l .  T h i s  a v o i d s  

t h e  i s s u e  o f  t h e  f r o n t a l i z a t i o n  m e t h o d ,  w h e r e  c l a s s i f i e r  o v e r f i t t i n g  i s  l i k e l y  w i t h  t h e  u s e
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(a) Database image (b) Input image

F igure 6 .4 : D a t a b a s e  a n d  i n p u t  i m a g e s  o f  t h e  s a m e  p e r s o n  ( P U T  f a c e  d a t a s e t )  [ t a k e n  

f r o m  ( K a s i n s k i  e t  a l . , 2 0 0 8 ) ].

o f  m u l t i p l e  d i s t o r t e d  t r a i n i n g  s a m p l e s .  H o w e v e r ,  V R A  p r o d u c e s  m u l t i p l e  ( s a m e  c l a s s )  

t r a i n i n g  s a m p l e s  f o r  u s e  b y  t h e  c l a s s i f i e r  i f  t h e r e  a r e  m u l t i p l e  d a t a b a s e  i m a g e s  w i t h  t h e  

p o s e  a n g l e s  a l l  w i t h i n  1 0 °  o f  e a c h  o t h e r .

T h e  e x a m p l e  o f  V R A  s e g m e n t a t i o n  i s  e x t e n d e d  t o  t h e  v i s u a l  r e s u l t s  o n  P U T  d a t a s e t  

i m a g e s .  T h e  d a t a b a s e  i m a g e  u s e d  f o r  t h e  r e f e r e n c e  m e s h  o f  a  p a r t i c u l a r  i n d i v i d u a l  ( c l a s s )  i s  

s h o w n  i n  F i g u r e  6 . 4 a  t o  b e  n e a r - f r o n t a l .  T h e  c o r r e s p o n d i n g  m e s h  i s  s h o w n  i n  F i g u r e  6 . 5 a . 

O n  t h e  o t h e r  h a n d ,  t h e  i n p u t  i m a g e  o f  t h e  s a m e  c l a s s  h a s  a n  e s t i m a t e d  5 5 °  p o s e  a n g l e ,  

a s  d e p i c t e d  i n  F i g u r e  6 . 4 b  w i t h  t h e  c o r r e s p o n d i n g  m e s h  s h o w n  i n  F i g u r e  6 . 5 b . A s s u m i n g  

t h i s  i s  a n  i d e n t i f i c a t i o n  p r o b l e m ,  t h e  i n p u t  a n d  d a t a b a s e  i m a g e s  a r e  t h u s  w a r p e d  t o  9 s , 

w h i c h  r e s u l t s  i n  a  p o s e  a n g l e  o f  3 0 ° ,  t o  m i n i m i z e  t h e  d i s t o r t i o n .  T h e  V R A  i m a g e s  t o  

b e  u s e d  a s  t r a i n i n g  a n d  t e s t  i m a g e s  f o r  c l a s s i f i c a t i o n  a r e  s h o w n  i n  F i g u r e  6 . 6 a  a n d  6 . 6 b , 

r e s p e c t i v e l y .

A  l i m i t a t i o n  o f  V R A  i s  t h a t  i t  d o e s  n o t  t a k e  a d v a n t a g e  o f  m u l t i p l e  t r a i n i n g  s a m p l e s  a t  

d i f f e r e n t  a n g l e s  o u t s i d e  t h e  1 0 °  t o l e r a n c e ,  a n d  i n s t e a d ,  t h e  s i n g l e  b e s t  a n g l e  w i t h  t h e  

l o w e s t  d i s t o r t i o n  i s  u t i l i z e d  i n  t h e  a b o v e  e x a m p l e .  A n  a d a p t i v e  b o o s t i n g  a l g o r i t h m  t h a t  

c a n  t a k e  a d v a n t a g e  o f  v i a b l e  a d d i t i o n a l  s a m p l e s  i s  c o n s i d e r e d  a  g o o d  a u t o m a t e d  w a y  t o  

r e m e d y  t h i s .
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(a) Database mesh (b) Input mesh

F igure 6 .5 : D a t a b a s e  a n d  i n p u t  i m a g e  m e s h e s  o f  t h e  s a m e  p e r s o n .

6.3 Face Recognition Results

T h e  f a c e  r e c o g n i t i o n  m e t h o d o l o g y  w a s  v a l i d a t e d  b o t h  b y  v i s u a l  i n s p e c t i o n  a n d  e m p i r i 

c a l l y  o n  t h e  F E R E T  b - s e r i e s  d a t a s e t .  A s  w i t h  t h e  f i n g e r p r i n t  r e s u l t s  s e c t i o n ,  o p e n - s e t  

i d e n t i f i c a t i o n  a n d  v e r i f i c a t i o n  o f  t h r e e  d a t a s e t s  w e r e  u s e d  t o  e v a l u a t e  t h e  e f f e c t i v e n e s s  o f  

t h e  t u n e d  s y s t e m .

6.3.1 Methodology Validation by Visual Inspection

A s  w i t h  t h e  f i n g e r p r i n t ,  l i g h t i n g  a n d  a l i g n m e n t  l a r g e l y  a f f e c t s  s e g m e n t a t i o n  a n d  r e c o g 

n i t i o n  p e r f o r m a n c e .  H E  a n d  C L A H E  w e r e  t e s t e d  o n  t h e  f a c e  w i t h  H E  p r o d u c i n g  m o r e  

c o n s i s t e n t  r e s u l t s  f o r  b o t h  f r o n t a l i z a t i o n  a n d  V R A  m e t h o d s .  T h e  H E  m e t h o d  i s  t h u s  

u s e d  t o  o b t a i n  t h e  s e g m e n t e d  r e s u l t s  f o r  f r o n t a l i z a t i o n  a n d  V R A .  T h e  v i s u a l  d i f f e r e n c e  i n  

p e r f o r m a n c e  b e t w e e n  f r o n t a l i z a t i o n  a n d  V R A  a p p l i e d  t o  t h e  d a t a b a s e  a n d  i n p u t  i m a g e s  

( F i g u r e  6 . 4 )  i s  s h o w n  i n  F i g u r e  6 . 6 . T h e  f r o n t a l i z a t i o n  m e t h o d  s h o w s  m o r e  d i s t o r t i o n  

t h a n  t h e  V R A  m e t h o d .  T h e s e  v i s u a l  r e s u l t s  w e r e  t e s t e d  e m p i r i c a l l y  a s  d i s c u s s e d  a t  t h e  

e n d  o f  t h e  n e x t  s e c t i o n .

T h e  n o r m a l i z e d  a n d  s e g m e n t e d  t r a i n i n g  a n d  t e s t  i m a g e s  a t  3 0 °  a r e  s h o w n  i n  F i g u r e s  6 . 6 a  

a n d  6 . 6 b . T h e r e  a r e  s t i l l  d i f f e r e n c e s  b e t w e e n  t h e  t r a i n i n g  a n d  t e s t  i m a g e s  i n  c e r t a i n  p a r t s ,  

b u t  t h e  e y e s  a r e  w e l l  n o r m a l i z e d  d u e  t o  t h e i r  r e l a t i v e l y  s i m p l e  s h a p e  i n  t h e  m e s h .  F a c i a l
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e x p r e s s i o n  n o r m a l i z a t i o n  i s  a  n o n - t r i v i a l  r e s e a r c h  a r e a  a n d  i s  c o n s i d e r e d  b e y o n d  t h e  s c o p e  

o f  V R A .

(a) VRA training image at 30°

(c) Original training image

(b) VRA test image at 30°

(d) Frontalized test image

F igure 6 .6 : C o m p a r i n g  V R A  a n d  f r o n t a l i z a t i o n  s e g m e n t e d  t r a i n i n g  a n d  t e s t  i m a g e s .

6.3.2 Tuning of Experimental Parameters

T h e  V R A  c l o s e d - s e t  i d e n t i f i c a t i o n  p e r f o r m a n c e  o n  t h e  F E R E T  b - s e r i e s  d a t a s e t  w a s  u s e d  a s  

t h e  v a l i d a t i o n  s e t  f o r  t u n i n g  t h e  R O I  s i z e ,  a s  w e l l  a s  t h e  f e a t u r e - c l a s s i f i e r  p a r a m e t e r s .  T h e  

s y s t e m  a c c u r a c y  m e t r i c  w a s  a g a i n  u s e d  a s  i t  i s  a  c l o s e d - s e t  s y s t e m  t e s t .  A s  w i t h  f i n g e r p r i n t  

i d e n t i f i c a t i o n ,  n o  t r a i n i n g  s a m p l e s  w e r e  i n c l u d e d  i n  t h e  t e s t  d a t a  w i t h  t h e  r e s u l t  t h a t  a l l  

t e s t  d a t a  w e r e  u n s e e n .  F u r t h e r m o r e ,  t h e  f i r s t  f i v e  t r a i n i n g  s a m p l e s  c o n s i s t e d  o f  o n e  f r o n t a l  

a n d  f o u r  l e f t  p o s e  a n g l e s  o f  6 0 ° ,  4 5 ° ,  2 5 ° ,  a n d  1 5 ° ,  r e s p e c t i v e l y .  F a c e  r e s u l t s  w e r e  o p t i m a l  

f o r  a n  i m a g e  r e s o l u t i o n  o f  1 5 0  x  1 5 0  ( s e g m e n t e d  r e s o l u t i o n ) ,  i n s t e a d  o f  t h e  5 0  x  5 0  u s e d  f o r  

t h e  f i n g e r p r i n t ,  a s  d e t e r m i n e d  e m p i r i c a l l y .  T h e  D I R  v a l u e s  w e r e ,  o n  a v e r a g e ,  2 %  b e t t e r  

a t  1 5 0  x  1 5 0 .  A  d e f i c i t  o f  5 %  i s  d e f i n e d  a s  t h e  o p t i m a l  r a n g e  s u c h  t h a t  a  l o w  i m a g e
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r e s o l u t i o n  c l o s e  t o  5 0  x  5 0  i s  p r e f e r r e d  f o r  a l l  b i o m e t r i c  m o d a l i t i e s  t o  s i m p l i f y  t h e  f u s i o n  

p r o c e s s  i n  t h e  l a t e r  c h a p t e r .  A s  w i t h  t h e  f i n g e r p r i n t ,  L B P H  u s e s  1 5 0  x  1 5 0  a s  t h e  i n p u t  

r e s o l u t i o n  a n d  p r o c e s s i n g  s p e e d  i s  n o t  g r e a t l y  a f f e c t e d  c o m p a r e d  w i t h  t h e  o t h e r  c l a s s i f i e r s .  

I t  s h o u l d  b e  n o t e d  t h a t  t h e  f a c e  i s  m a r k e d l y  l e s s  a f f e c t e d  b y  r e s o l u t i o n  r e d u c t i o n  t h a n  t h e  

f i n g e r p r i n t .

E i g e n  a n d  F i s h e r  c l a s s i f i e r s  a p p e a r  t o  r e q u i r e  l i t t l e  t u n i n g  a s  p r e v i o u s l y  r e c o r d e d  i n  T a 

b l e  5 . 6  a n d  n o w  i n  T a b l e  6 . 1 . T h e  n u m b e r  o f  p r i n c i p a l  c o m p o n e n t s  w a s  t h u s  u n c h a n g e d  

a t  2 0 0 .  O f  n o t e ,  F i s h e r  s l i g h t l y  o u t p e r f o r m s  E i g e n  f o r  t h r e e  t r a i n i n g  s a m p l e s ,  s u g g e s t 

i n g  t h a t  t r a i n i n g  d a t a  i s  o f  g o o d  q u a l i t y ,  b u t  s i n c e  f i v e  t r a i n i n g  s a m p l e s  y i e l d  a  p e r f e c t  

a c c u r a c y  f o r  b o t h  F i s h e r  a n d  E i g e n ,  f u r t h e r  c o m p a r i s o n s  c a n n o t  b e  m a d e .

T able 6 .1 : S e l e c t i n g  t h e  o p t i m a l  n u m b e r  o f  p r i n c i p a l  c o m p o n e n t s  f o r  E i g e n  a n d  F i s h e r  

L B P L .

Classifier 50 100 150 200 all
1 - E i g e n 8 7 . 6 8 7 . 8 8 9 . 3 9 2 . 7 9 2 . 7

1 - F i s h e r 5 0 . 7 8 8 . 3 9 1 . 6 9 2 . 9 9 2 . 6

3 - E i g e n 9 7 . 5 9 7 . 5 9 7 . 1 9 7 . 5 9 7 . 3

3 - F i s h e r 9 1 . 2 9 5 . 4 9 7 . 9 9 8 . 6 9 8 . 6

T a b l e  6 . 2  s h o w s  t h e  s y s t e m  a c c u r a c i e s  f o r  L B P H  ( i n  t h e  s a m e  w a y  a s  f o r  f i n g e r p r i n t s ) .  

A  s i g n i f i c a n t  i m p r o v e m e n t  i s  a c h i e v e d  o v e r  t h e  6 7 . 0 1 %  o f  t h e  d e f a u l t  p a r a m e t e r s  f o r  o n e  

t r a i n i n g  s a m p l e .  T h e  r e s t  o f  t h e  r e s u l t s  o n  L B P H  w i t h o u t  t h e  L o G  f i l t e r  h a v e  b e e n  

o m i t t e d  a s  t h i s  m e t h o d  a c h i e v e d  a  b e s t  a c c u r a c y  o f  7 8 . 3 %  o n l y  u s i n g  t h e  r e c o m m e n d e d  

p a r a m e t e r  v a l u e s .  T h e  L B P H  p a r a m e t e r s  t h u s  a p p e a r  t o  b e  t e x t u r e  r e s o l u t i o n  d e p e n d e n t  

a s  w e l l  a s  m o d a l i t y  d e p e n d e n t .  I n c r e a s i n g  t h e  n u m b e r  o f  t r a i n i n g  s a m p l e s  t o  f i v e  a p p e a r s  

t o  c a u s e  i n t e r - c l a s s  a m b i g u i t y  w i t h i n  t h e  m o d e l ,  r e s u l t i n g  i n  a  l o w e r  a c c u r a c y  t h a n  w h e n  

u s i n g  o n l y  t h r e e  t r a i n i n g  s a m p l e s .

T able 6 .2 : S e l e c t i n g  t h e  o p t i m a l  r a d i u s  ( 1 - 6 )  f o r  L B P H .

Classifier 1 2 3 4 5 6
1 - L B P H L 4 7 . 1 6 3 . 9 6 9 . 1 7 2 . 7 7 2 . 6 7 1 . 6

3 - L B P H L 7 5 . 8 7 9 . 8 8 2 . 9 8 5 . 0 8 4 . 1 8 3 . 7

5 - L B P H L 6 7 . 1 7 3 . 6 7 9 .1 7 8 . 5 7 4 . 3 7 4 . 2

T a b l e  6 . 3  s h o w s  t h e  s y s t e m  a c c u r a c i e s  w h e n  s e l e c t i n g  a  r a d i u s  b e t w e e n  o n e  a n d  s i x .  T h e
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b e s t  r e s u l t  o f  8 6 . 5 %  i s  o b t a i n e d  w h e n  u s i n g  a  4 - p i x e l  r a d i u s  a n d  s i x  n e i g h b o u r s .  T h i s  i s  

s u b s t a n t i a l l y  l o w e r  t h a n  t h e  E i g e n  a n d  F i s h e r  r e s u l t s  a n d  w a s  f u r t h e r  e x p l o r e d  w i t h  t h e  

o p e n - s e t  i d e n t i f i c a t i o n  t e s t s .  T h e  r e s u l t s  o n  L B P H  w i t h o u t  t h e  L o G  f i l t e r  h a v e  o n c e  a g a i n  

b e e n  o m i t t e d  a s  t h e  b e s t  a c c u r a c y  o f  o n l y  6 7 . 7 1 %  w a s  a c h i e v e d  u s i n g  t h e  r e c o m m e n d e d  

p a r a m e t e r  v a l u e s .  I n c r e a s i n g  t h e  r a d i u s  b e y o n d  o n e ,  w h e n  n o t  u s i n g  t h e  L o G  f i l t e r ,  

a p p e a r s  t o  h a v e  a  n e g a t i v e  e f f e c t  o n  a l l  d a t a s e t s  t e s t e d  s o  f a r  w h e n  n o t  u s i n g  t h e  L o G  

f i l t e r .  T h i s  s u g g e s t s  t h a t  t h e  r e c o m m e n d e d  p a r a m e t e r s  f o r  L B P H  c a n  b e  a  g o o d  s t a r t i n g  

p o i n t  o r  d e f a u l t  s e l e c t i o n  w h e n  n o t  c o m b i n i n g  i t  w i t h  a  L o G  f i l t e r .

T able 6 .3 : S e l e c t i n g  t h e  o p t i m a l  n e i g h b o u r  c o u n t  ( 3  -  8 )  f o r  L B P H  w h e n  u s i n g  a  r a d i u s  

o f  f o u r .

Classifier 3 4 5 6 7 8
1 - L B P H L 3 7 . 7 6 6 . 1 7 1 . 3 7 6 . 6 7 4 . 8 7 1 . 8

3 - L B P H L 7 4 . 3 8 5 . 2 8 4 . 8 8 6 . 5 8 4 . 6 8 4 . 1

5 - L B P H L 7 4 . 3 8 1 . 1 8 3 . 0 8 3 . 1 8 2 . 6 8 2 . 0

T h e  l i n e a r  S V M  i s  u n c h a n g e d  a s  C  =  1 0 4 i s  o p t i m a l .  I n  f a c t ,  o n l y  c h a n g i n g  C  b y  a  

f a c t o r  o f  m o r e  t h a n  1 0 3 r e s u l t e d  i n  a  s l i g h t  c h a n g e  i n  a c c u r a c y  ( ± 1 % ) ,  s u g g e s t i n g  t h a t  t h e  

e x t r a c t e d  f e a t u r e s  u s e d  a s  t r a i n i n g  a n d  t e s t  d a t a  a r e  b a l a n c e d .  T h e  o p t i m a l  p a r a m e t e r s  f o r  

f r o n t a l i z a t i o n  w e r e  f o u n d  t o  b e  t h e  s a m e  a s  V R A ,  s u g g e s t i n g  t e x t u r e  p a t t e r n s  ( m o d a l i t y  

d e p e n d e n t )  t o  b e  t h e  d e t e r m i n i n g  f a c t o r .

A s  t h e  F E R E T  b - s e r i e s  d a t a s e t  i s  p o p u l a r  f o r  v e r i f i c a t i o n  t e s t s ,  t h e  v e r i f i c a t i o n  r e s u l t s  o f  

t h e  p r o p o s e d  a p p r o a c h e s  a r e  i n c l u d e d  f o r  c o m p a r i s o n  a g a i n s t  H a g h i g h a t  e t  a l.  ( 2 0 1 6 ) ’ s 

s t a t e - o f - t h e - a r t  s y s t e m .  T a b l e s  6 . 4  a n d  6 . 5  c o m p a r e  t h e  v e r i f i c a t i o n  a c c u r a c i e s  a t  d i f f e r 

e n t  a n g l e s  r a n g i n g  f r o m  - 6 0 °  ( s u b j e c t ’ s  l e f t )  t o  + 6 0 °  ( s u b j e c t ’ s  r i g h t )  u s i n g  p a r a m e t e r s  

p a r t i c u l a r  t o  f r o n t a l i z a t i o n  a n d  V R A .  A l l  f o u r  p r o p o s e d  a p p r o a c h e s  a r e  i n c l u d e d  i n  t h e  

t a b l e s  t o  s h o w  t h e i r  r e l a t i v e  r o b u s t n e s s  t o  t h e  r a n g e  o f  p o s e  a n g l e s .  T h e  i m a g e s  w e r e  

c a p t u r e d  a t  a  r e s o l u t i o n  o f  5 1 2  x  7 6 8  f i n e  q u a l i t y .  T h r e e  f r o n t a l  i m a g e s  c o n s i s t i n g  o f  

a  n e u t r a l  e x p r e s s i o n ,  a n  a l t e r n a t i v e  e x p r e s s i o n ,  a n d  d i f f e r e n t  i l l u m i n a t i o n  w e r e  u s e d  f o r  

t r a i n i n g  t h e  2 0 0  c l a s s i f i e r  m o d e l s  ( c l a s s e s )  f o r  v e r i f i c a t i o n .  S i n c e  L D A  r e q u i r e s  a t  l e a s t  

t w o  t r a i n i n g  s a m p l e s  t o  p e r f o r m  v e r i f i c a t i o n  ( d u e  t o  s i n g l e  c l a s s  m o d e l l i n g ) ,  t h r e e  t r a i n i n g  

s a m p l e s  w e r e  u s e d  f o r  F i s h e r  a n d  t h e  o t h e r  c l a s s i f i e r s  f o r  e q u a l  c o m p a r i s o n .
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L B P H  u n d e r p e r f o r m s  r e g a r d l e s s  o f  t h e  p o s e  a n g l e  a n d  o n l y  o c c a s i o n a l l y  p e r f o r m s  b e t t e r  

w h e n  u s i n g  f r o n t a l i z a t i o n  f o r  n a r r o w  a n g l e s .  F i s h e r  t a k e s  a d v a n t a g e  o f  w e l l - s e g m e n t e d  

t r a i n i n g  s a m p l e s  w h e n  u s i n g  V R A  t o  a c h i e v e  t h e  b e s t  a v e r a g e  v e r i f i c a t i o n  r a t e .  E i g e n  

a n d  S V M  p e r f o r m  c o m p a r a b l y  t o  F i s h e r  f o r  V R A ,  a n d  b e t t e r  t h a n  F i s h e r  f o r  f r o n t a l 

i z a t i o n .  T h i s  s h o w s  t h a t  E i g e n  a n d  F i s h e r  a r e  m o r e  r o b u s t  t o  p r o f i l e  p o s e s  w h e n  u s i n g  

f r o n t a l i z a t i o n  w h i l e  L B P H  g e n e r a l l y  r e c o g n i z e s  f a c e  t e x t u r e  r e l a t i v e l y  p o o r l y .  T h e s e  a r e  

p r o m i s i n g  r e s u l t s  f o r  V R A  a n d  a l s o  p r o v i d e  i n t e r e s t i n g  i n s i g h t  i n t o  t h e  e f f e c t s  o f  t e x t u r e  

a l i g n m e n t  i n  g e n e r a l .  T h e  l i m i t s  o f  V R A  a r e  f u r t h e r  e x p l o r e d  i n  t h e  n e x t  s e c t i o n s .

T a b l e  6 . 4 :  V e r i f i c a t i o n  a c c u r a c y  ( % )  f o r  e i g h t  v i e w i n g  a n g l e s  o n  t h e  F E R E T  b - s e r i e s  

d a t a s e t  u s i n g  t h e  f r o n t a l i z a t i o n  m e t h o d  w i t h  t h r e e  f r o n t a l  t r a i n i n g  s a m p l e s .

M e t h o d + 6 0 ° + 4 5 ° + 2 5 ° +  1 5 ° - 1 5 ° - 2 5 ° - 4 5 ° - 6 0 °

H a g h i g h a t  e t  a l.  ( 2 0 1 6 ) 9 1 . 5 9 6 1 0 0 1 0 0 1 0 0 1 0 0 9 9 9 3 . 5

3 - E i g e n L B P L 9 1 . 8 9 6 1 0 0 1 0 0 1 0 0 1 0 0 9 6 . 5 9 2 . 2 5

3 - F i s h e r L B P L 8 7 . 3 8 9 . 5 1 0 0 1 0 0 1 0 0 1 0 0 8 8 . 8 8 8 . 5

3 - L B P H L 8 9 . 8 9 2 . 5 9 4 . 8 9 6 . 3 9 6 . 3 9 5 . 3 9 6 . 3 9 0 . 5

3 - S V M L B P L 9 1 . 5 9 5 . 3 1 0 0 1 0 0 1 0 0 1 0 0 9 6 9 3 . 5

T a b l e  6 . 5 :  V e r i f i c a t i o n  a c c u r a c y  ( % )  f o r  e i g h t  v i e w i n g  a n g l e s  

d a t a s e t  u s i n g  V R A  w i t h  t h r e e  f r o n t a l  t r a i n i n g  s a m p l e s .

o n  t h e  F E R E T  b - s e r i e s

M e t h o d + 6 0 ° + 4 5 ° + 2 5 ° + 1 5 ° - 1 5 ° - 2 5 °

oiO1 - 6 0 °

H a g h i g h a t  e t  a l.  ( 2 0 1 6 ) 9 1 . 5 9 6 1 0 0 1 0 0 1 0 0 1 0 0 9 9 9 3 . 5

3 - E i g e n L B P L 9 7 . 8 9 9 . 5 1 0 0 1 0 0 1 0 0 1 0 0 1 0 0 9 8 . 3

3 - F i s h e r L B P L 9 8 . 3 1 0 0 1 0 0 1 0 0 1 0 0 1 0 0 1 0 0 9 9 . 5

3 - L B P H L 9 1 . 8 9 2 . 5 9 5 . 8 9 5 . 3 9 5 . 3 9 4 . 3 9 6 . 3 9 3 . 3

3 - S V M L B P L 9 8 . 3 1 0 0 1 0 0 1 0 0 1 0 0 1 0 0 1 0 0 9 8 . 3

T h e  n e x t  s e c t i o n s  f o c u s  o n  o p e n - s e t  i d e n t i f i c a t i o n  a c c u r a c y  f o r  t h r e e  e x p e r i m e n t s  o n  d i f 

f e r e n t  f a c e  d a t a s e t s .  T r a i n i n g  s a m p l e s  w e r e  r e m o v e d  f r o m  t h e  a v a i l a b l e  s a m p l e s  a n d  t h e  

r e s t  w e r e  u s e d  f o r  t e s t i n g ,  t h e r e b y  e n s u r i n g  t h a t  t h e  t e s t  d a t a  w e r e  u n s e e n  a s  w a s  t h e  c a s e  

f o r  a l l  p r e v i o u s  e x p e r i m e n t s .  T h e  t r a i n i n g  s a m p l e s  w e r e  l i m i t e d  t o  a  m a x i m u m  o f  t h r e e  

a s  u s i n g  t h r e e  o r  m o r e  p r o d u c e d  n e a r - i d e n t i c a l  t r e n d s ,  a n d  i n  s o m e  c a s e s ,  r e s u l t e d  i n  a n  

u n c h a l l e n g i n g  o p e n - s e t  i d e n t i f i c a t i o n  t e s t .
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6.3.3 Fei Identification Performance

O p e n - s e t  i d e n t i f i c a t i o n  t e s t i n g  o n  t h e  F e i  d a t a s e t  u s e s  b o t h  f r o n t a l i z a t i o n  a n d  V R A  m e t h 

o d s .  I n  t h i s  e x p e r i m e n t ,  t h e  r e s u l t s  u s i n g  f r o n t a l  f a c e s  a s  d a t a b a s e  i m a g e s  a r e  r e f e r r e d  

t o  a s  f r o n t r e f ,  w h i l e  r e s u l t s  u s i n g  l e f t  p o s e  a t  6 0 °  a s  a  d a t a b a s e  i m a g e  a r e  r e f e r r e d  t o  a s  

l e f t r e f .  W h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s  i n  f r o n t r e f  e x p e r i m e n t s ,  t h r e e  f r o n t a l  t r a i n i n g  

s a m p l e s  a r e  u s e d .  H o w e v e r ,  w h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s  i n  l e f t r e f  e x p e r i m e n t s ,  0 °  

a n d  l e f t  p o s e  3 0 °  a n d  6 0 °  i m a g e s  a r e  u s e d .  T h e  t r e n d s  o f  t h e  c l a s s i f i e r s  w i t h  r e s p e c t  t o  

t h e  t w o  m e t h o d s  a r e  s i m i l a r ,  a n d  t h u s  f o r  t h e  s a k e  o f  b r e v i t y  o n l y  t h e  b e s t  c l a s s i f i e r  r e s u l t  

i s  s h o w n  a t  F P I R  =  1 0 % .  A  r e s o l u t i o n  o f  1 5 0  x  1 5 0  i s  u s e d  a s  t h e  d a t a s e t ’ s  s e g m e n t e d  

r e s o l u t i o n  o f  2 0 0  x  2 0 0  a c h i e v e d  t h e  s a m e  p e r f o r m a n c e .

T h e  f r o n t a l i z a t i o n  m e t h o d  w a s  t e s t e d  a g a i n s t  V R A  u s i n g  f r o n t r e f  a n d  l e f t r e f  i m a g e s  f o r  

t r a i n i n g ,  a n d  E i g e n  w a s  t h e  b e s t  p e r f o r m i n g  c l a s s i f i e r  f o r  f r o n t a l i z a t i o n .  L B P L  r e s u l t s  

a r e  s h o w n  f o r  f r o n t a l i z a t i o n  a s  i t  o u t p e r f o r m e d  H E ,  H E L  a n d  L B P V L  ( t o  a  l e s s e r  d e g r e e )  

o n  t h i s  d a t a s e t .  H e n c e ,  p a r a m e t e r s  w e r e  r e t u n e d  t o  d e t e r m i n e  w h e t h e r  L B P V L  r e q u i r e s  

d i f f e r e n t  p a r a m e t e r s  t o  t h o s e  u s e d  i n  t h e  v a l i d a t i o n  d a t a s e t .  H o w e v e r ,  i t  w a s  f o u n d  t h a t  

t h e  p a r a m e t e r s  r e p o r t e d  i n  S e c t i o n  6 . 3 . 2  r e m a i n e d  o p t i m a l  f o r  b o t h  L B P L  a n d  L B P V L .  

O f  n o t e ,  w h e n  i n c l u d i n g  9 0 °  a n d  7 5 °  i m a g e s ,  o r  w h e n  u s i n g  V R A ,  L B P V L  o u t p e r f o r m e d  

L B P L  a n d  t h e  r e s t  a s  w a s  t h e  c a s e  f o r  t h e  f i n g e r p r i n t .  T h i s  s u g g e s t s  t h a t  t e x t u r e  d i s 

t o r t i o n  d u e  t o  w a r p i n g  m a y  b e  a  p o s s i b l e  f a c t o r  f o r  r e d u c i n g  L B P L ’ s  f e a t u r e  e x t r a c t i o n  

p e r f o r m a n c e  ( a l s o  n e g a t i v e l y  a f f e c t i n g  t h e  L B P H  c l a s s i f i e r ) .  T a b l e  6 . 6  s h o w s  t h e  E i g e n  

r e s u l t s  f o r  f r o n t a l i z a t i o n  a n d  V R A  w h e r e  L B P L  a n d  L B P V L  f e a t u r e  e x t r a c t o r s  a r e  u s e d ,  

r e s p e c t i v e l y .

T h e  f r o n t a l i z a t i o n  m e t h o d  p e r f o r m e d  p o o r l y  c o m p a r e d  t o  V R A  f o r  l a r g e r  p o s e  a n g l e s  

w h e n  u s i n g  f r o n t r e f .  T h a t  i s ,  b o t h  l e f t  a n d  r i g h t  p o s e s  o f  7 5 °  c l a s s e s  w e r e  o n l y  o c c a s i o n a l l y  

c o r r e c t l y  p r e d i c t e d  d u e  t o  m i n o r  o v e r l a p  b e t w e e n  t h e  e d g e  o f  f r o n t r e f  a n d  e x t r e m e  p r o f i l e  

f e a t u r e s .  S i n c e  t h e r e  i s  e v e n  l e s s  o v e r l a p  b e t w e e n  f r o n t r e f  a n d  9 0 °  f e a t u r e s ,  o n l y  a  c o u p l e  

o f  p r e d i c t i o n s  w e r e  c o r r e c t .

A p p l y i n g  t h e  f r o n t a l i z a t i o n  m e t h o d  t o  l e f t r e f  s i m p l y  d i d  n o t  t a k e  a d v a n t a g e  o f  p r o f i l e  

f e a t u r e s  w i t h o u t  s e v e r e  d i s t o r t i o n .  I t  i s  c l e a r  t h a t  V R A  h a s  a  c o n s i d e r a b l e  a d v a n t a g e
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o v e r  f r o n t a l i z a t i o n  w h e n  u s i n g  l e f t r e f  t o  c l a s s i f y  i n d i v i d u a l s  p o s i n g  a t  o v e r  7 5 °  a n g l e s ,  

w i t h  g r e a t e r  t h a n  3 0 %  i m p r o v e m e n t  o v e r a l l .  V R A  a l s o  o u t p e r f o r m s  f r o n t a l i z a t i o n  w h e n  

u s i n g  f r o n t r e f  a l b e i t  t o  a  l e s s e r  e x t e n t  d u e  t o  t h e  l a r g e  a m o u n t  o f  s e l f - o c c l u s i o n  f o r  p r o f i l e  

f e a t u r e s .  T h e  f r o n t a l i z a t i o n  m e t h o d  h a s  a  f r o n t r e f  d a t a b a s e  i m a g e  r e q u i r i n g  n o  w a r p i n g ,  

b u t  t h e  i n p u t  i m a g e  r e q u i r e s  a  m u c h  l a r g e r  w a r p  t h a n  b o t h  V R A  i m a g e s  c o m b i n e d ,  a s  

s h o w n  i n  t h e  v i s u a l  v a l i d a t i o n  r e s u l t s  i n  S e c t i o n  6 . 3 . 1 .

T h e  V R A  m e t h o d  y i e l d s  p r o m i s i n g  p e r f o r m a n c e  f o r  m u l t i - a n g l e  p o s e  d a t a s e t s  a n d  i s  

s o l e l y  u s e d  i n  t h e  s u b s e q u e n t  f a c e  e x p e r i m e n t s .  I t  s h o u l d  h o w e v e r  b e  m e n t i o n e d  t h a t  

L B P V L  o u t p e r f o r m s  L B P L  a n d  H E L  f o r  a l l  F e i  d a t a s e t  e x p e r i m e n t s  w h e n  u s i n g  V R A .  

T h e  L B P L ,  H E L  a n d  o t h e r  m e t h o d s  h a d  a  h i g h e r  e r r o r  r a t e  w h e n  p r e d i c t i n g  t h e  l a s t  

s a m p l e ,  c o n t a i n i n g  a  v a r i a b l y  l o w e r  a m o u n t  o f  l i g h t i n g  t h a n  o t h e r  s a m p l e s ,  w h i c h  c o n f i r m s  

t h e  s u p e r i o r i t y  o f  L B P V L  a g a i n s t  v a r i o u s  l i g h t i n g  c o n d i t i o n s .

T able 6 .6 : B e s t  c l a s s i f i e r  r e s u l t s  a t  F P I R  =  1 0 % ,  f o r  f r o n t a l i z a t i o n  v s .  V R A ,  w h e n  u s i n g  

o n e  a n d  t h r e e  t r a i n i n g  s a m p l e s .

Classifier f r o n t r e f l e f t r e f f r o n t r e f  V R A l e f t r e f  V R A
1 - E i g e n 4 8 . 1 4 5 . 8 6 0 . 8 7 8 . 6

3 - E i g e n 8 1 . 2 6 4 . 4 8 4 . 9 9 3 . 8

R e f e r r i n g  t o  F i g u r e  6 . 7 , V R A  u s e s  t h e  t r a i n i n g  s a m p l e ( s )  c l o s e s t  t o  t h e  a n g l e  o f  t h e  i n p u t  

i m a g e  b e f o r e  w a r p i n g .  T h e r e f o r e ,  s i n c e  o n l y  o n e  a n g l e  i s  u s e d ,  F i s h e r  c a n n o t  t a k e  a d v a n 

t a g e  o f  m u l t i p l e  t r a i n i n g  s a m p l e s  a t  d i f f e r e n t  a n g l e s .  U n l i k e  t h e  f i n g e r p r i n t  r e s u l t s ,  E i g e n ,  

F i s h e r  a n d  S V M  a l l  a c h i e v e  m a r k e d l y  h i g h e r  a c c u r a c i e s  t h a n  L B P H .  T h i s  c o u l d  s u g g e s t  

t h a t  L B P H  u n d e r p e r f o r m s  w h e n  s m a l l  a m o u n t s  o f  f i n e  t e x t u r e  a r e  c o m m o n  b e t w e e n  t h e  

i n p u t  a n d  d a t a b a s e  i m a g e s  d u e  t o  w a r p i n g ,  a n d  t h u s ,  p r o m i n e n t  t e x t u r e  p a t t e r n s  s u c h  a s  

t h e  f i n g e r p r i n t  a r e  p r e f e r r e d .  L B P H  p e r f o r m s  w e l l  f o r  f i n g e r p r i n t s  d u e  t o  i t s  r o b u s t n e s s  t o  

t e x t u r e  a l i g n m e n t ,  s i n c e  s i m i l a r  t e x t u r e  p a t t e r n s  a r e  m e r e l y  d i s t r i b u t e d  d i f f e r e n t l y  a m o n g  

i n t r a  c l a s s e s .  O n  t h e  o t h e r  h a n d ,  w a r p i n g  f a c e  i m a g e s ,  d u e  t o  d i f f e r e n t  p o s e  a n g l e s ,  c a n  

g r e a t l y  a l t e r  f i n e  t e x t u r e  p a t t e r n s  w h i l e  a l i g n i n g  l a r g e r  f e a t u r e s  s u c h  a s  e y e s ,  n o s e  a n d  

m o u t h .  S V M  a c h i e v e s  9 5 % ,  w h i c h  i s  a  s l i g h t l y  b e t t e r  r e s u l t  t h a n  E i g e n  a n d  F i s h e r ,  b u t  

a s  s e e n  i n  t h e  f i g u r e  L B P H  is  s i g n i f i c a n t l y  o u t p e r f o r m e d .

S a m e t  e t  a l .  ( 2 0 1 6 )  p e r f o r m e d  c l o s e d - s e t  i d e n t i f i c a t i o n  f o r  t h e  f i r s t  8 0  s u b j e c t s  i n  t h e  F e i
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Classifier 0.1 0 .5 1 5 10 30 100
3 - E i g e n L B P V L 0 0 0 0 0 0 . 2 6 . 2

3 - F i s h e r L B P V L 0 0 0 0 0 . 2 0 . 9 6 . 2

3 - L B P H L 0 0 0 . 2 0 . 4 0 . 9 2 . 4 1 3 .1

3 - S V M L B P V L 0 0 0 0 0 0 . 4 4 . 9

(b) FNIR values

Figure 6 .7 : T h r e e  F e i  t r a i n i n g  s a m p l e s  u s i n g  V R A  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  

v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

f a c e  d a t a s e t  o n  f o u r  p o s e s  ( s a m p l e s )  a n d  u s e d  t h e  r e m a i n i n g  s i x  n o n - f r o n t a l  s a m p l e s  f o r  

t r a i n i n g  t o  o b t a i n  t h e i r  f a c e  m o d e l .  T h e  r e s u l t s  i l l u s t r a t e d  i n  T a b l e  6 . 7  s h o w  t h a t  w i t h  s i x  

t r a i n i n g  s a m p l e s  V R A  a c h i e v e s  p e r f e c t  c l o s e d - s e t  i d e n t i f i c a t i o n  a c c u r a c i e s .  W h e n  t r a i n i n g  

o n l y  t h e  f i r s t  f r o n t a l  s a m p l e ,  S V M L B P V L  a c c u r a c i e s  f o r  + 4 5  a n d  - 4 5  d r o p  t o  9 8 %  a n d  

9 9 % ,  r e s p e c t i v e l y .

6.3.4 PUT Identification Performance

T h i s  d a t a s e t  h a s  a  s e g m e n t e d  r e s o l u t i o n  o f  a p p r o x i m a t e l y  4 5 0 x 4 5 0 .  A l l  c l a s s i f i e r s  a c h i e v e d  

o p t i m a l  p e r f o r m a n c e  b e t w e e n  1 5 0  x  1 5 0  a n d  2 5 0  x  2 5 0 .  E i g e n ,  F i s h e r  a n d  S V M  p e r f o r 

m a n c e  d r o p s  b y  3 %  t o  5 %  w h e n  u s i n g  1 0 0  x  1 0 0  a n d  d r o p s  b y  a p p r o x i m a t e l y  7 %  a t  5 0  x  5 0 .  

O n  t h e  o t h e r  h a n d ,  L B P H  d r o p s  a r e  m o r e  s u b s t a n t i a l  a t  a p p r o x i m a t e l y  2 0 %  a n d  3 5 % ,
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T a b l e  6 . 7 :  C o m p a r a t i v e  b i o m e t r i c  c l o s e d - s e t  i d e n t i f i c a t i o n  a c c u r a c y  ( % )  f o r  f o u r  v i e w i n g  

a n g l e s  s e l e c t e d  f r o m  t h e  F e i  d a t a s e t .

M e t h o d + 4 5 ° + 2 2 . 5 ° - 2 2 . 5 ° - 4 5 °

S a m e t  e t  a l.  ( 2 0 1 6 )  ( B e s t ) 7 9 . 1 9 4 9 5 8 1 . 6

S a m e t  e t  a l.  ( 2 0 1 6 )  ( T r a d i t i o n a l ) 7 5 8 7 9 0 6 9

1 - S V M L B P V L  ( V R A ) 9 8 1 0 0 1 0 0 9 9

6 - S V M L B P V L  ( V R A ) 1 0 0 1 0 0 1 0 0 1 0 0

f o r  r e s p e c t i v e  r e s o l u t i o n s .  I t  i s  t o  b e  n o t e d  t h a t  L B P V L  p e r f o r m e d  e q u a l l y  o r  s l i g h t l y  

b e t t e r  ( w i t h i n  0 . 5 % )  t h a n  H E L .  T h e  t e s t s  w e r e  t h u s  p e r f o r m e d  o n  t h e  P U T  d a t a s e t  a t  

a  r e s o l u t i o n  o f  1 5 0  x  1 5 0 ,  u s i n g  0 ° ,  l e f t  a n g l e s  3 0 °  a n d  6 0 ° ,  a n d  t h e i r  c o m b i n a t i o n s  a s  

t r a i n i n g  s a m p l e s .  T h e  r e s u l t s  a r e  g i v e n  i n  T a b l e  6 . 8  a t  F P I R  =  0 % .

T h e  t r e n d  i n  V R A  p e r f o r m a n c e  o n  d a t a s e t s  u p  t i l l  n o w  h a s  b e e n  t h a t  u s i n g  t h e  s m a l l e s t -  

d i f f e r e n c e  a n g l e  y i e l d s  s u p e r i o r  r e s u l t s  e v e n  w h e n  u t i l i z i n g  o n l y  a  s i n g l e  b u t  w e l l - s e g m e n t e d  

d a t a b a s e  i m a g e  a s  t h e  t r a i n i n g  s a m p l e .  M o r e o v e r ,  g i v i n g  V R A  t h r e e  d i f f e r e n t  p o s e  a n g l e s  

f o r  t r a i n i n g  a l l o w s  i t  t o  a c h i e v e  h i g h e r  a c c u r a c i e s  s i n c e  i t  c h o o s e s  t h e  t r a i n i n g  s a m p l e  

w i t h  t h e  n e a r e s t  p o s e  a n g l e  ( w i t h i n  1 0 °  t o l e r a n c e ) .  T h e  t r e n d  c o n t i n u e s  f o r  t h i s  d a t a s e t  

a s  V R A  a c h i e v e s  a  p e r f e c t  a c c u r a c y  w h e n  u s i n g  3 0 °  o r  t h r e e  d i f f e r e n t  p o s e  a n g l e s  f o r  

t r a i n i n g .  O f  n o t e ,  f r o n t a l i z a t i o n  a c h i e v e d  i t s  b e s t  r e s u l t  o f  9 2 . 6 7 %  u s i n g  E i g e n .  S i n c e  

t h e  n a t u r e  o f  t h i s  d a t a s e t ,  t h a t  i s  t h e  c l o s e  p r o x i m i t y  a m o n g  p o s e  a n g l e s ,  a l l o w s  f o r  V R A  

t o  p r o d u c e  m u l t i p l e  t r a i n i n g  s a m p l e s ,  L B P H  w a s  r e t e s t e d  u s i n g  t h r e e  t r a i n i n g  s a m p l e s  

( p e r  f i x e d  a n g l e )  r e s u l t i n g  i n  p e r f e c t  a c c u r a c y .  W h i l e  t h i s  d a t a s e t  i s  o f  s i g n i f i c a n t l y  h i g h e r  

q u a l i t y  ( r e s o l u t i o n )  t h a n  t h e  o t h e r  f a c e  d a t a s e t s ,  t h i s  r e s u l t  i s  p r o m i s i n g  a s  a c h i e v i n g  t h e s e  

a c c u r a c i e s  i n v o l v e d  p e r f o r m i n g  ~ 8 4 0 0 0 0  m a t c h e s  w h e n  u s i n g  a  s i n g l e  t r a i n i n g  s a m p l e  d u e  

t o  t h e  l a r g e  n u m b e r  o f  i n t r a - c l a s s  s a m p l e s .

T a b l e  6 . 8 :  I R  a t  0 %  F P I R  a n d  0 %  F N I R  w h e n  u s i n g  d i f f e r e n t  r e f e r e n c e  p o s e s  o n  t h e  

P U T  f a c e  d a t a s e t .

C l a s s i f i e r 0 ° 3 0 ° 6 0 ° A l l  3

1 - E i g e n L B P V L 9 9 . 7 1 0 0 9 8 . 3 1 0 0

1 - F i s h e r L B P V L 9 9 . 7 1 0 0 9 8 . 1 1 0 0

1 - L B P H L 9 6 . 9 9 6 . 7 9 3 . 2 9 9 . 9

1 - S V M L B P V L 9 9 . 9 1 0 0 9 8 . 3 1 0 0

T h e  p r o p o s e d  V R A  a p p r o a c h  a n d  M a l e k  e t  a l.  ( 2 0 1 4 )  s y s t e m s  a r e  c o m p a r e d  o n  f a c e
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v e r i f i c a t i o n  a s  n o  o t h e r  s t u d i e s  w e r e  f o u n d  o n  b i o m e t r i c  a u t h e n t i c a t i o n .  M a l e k  e t  a l.  's  

e x p e r i m e n t  w a s  r e p l i c a t e d  b y  u s i n g  s e v e n  t r a i n i n g  s a m p l e s  o n  t h e  f i r s t  2 0  i n d i v i d u a l s .  

T h e  p r o p o s e d  V R A  a p p r o a c h  a c h i e v e s  z e r o  E E R  i n  v e r i f i c a t i o n  t e s t s  u s i n g  a n y  o f  t h e  f o u r  

c l a s s i f i e r s  a n d  w h e n  u s i n g  e i t h e r  o n e  o r  u p  t o  s e v e n  t r a i n i n g  s a m p l e s .  T h i s  i s ,  h o w e v e r ,  

e x p e c t e d  a s  i t  s c o r e d  p e r f e c t  a c c u r a c y  f o r  i d e n t i f i c a t i o n  i n  t h e  p r e v i o u s  t e s t  o n  f i v e  t i m e s  

t h e  n u m b e r  o f  c l a s s e s .  O n  t h e  o t h e r  h a n d ,  M a l e k  e t  a l.  's  b e s t  s y s t e m  a c h i e v e d  1 . 9 %  

u s i n g  a  s u b s p a c e  s t a t e  e s t i m a t o r  c l a s s i f i e r ,  w h i c h ,  f o r  t h e  i n t e r e s t e d  r e a d e r ,  i s  e x p l a i n e d  

i n  ( M a l e k  e t  a l . , 2 0 1 4 ) . F u r t h e r m o r e ,  t h e i r  E i g e n  c l a s s i f i e r  a c h i e v e d  a n  E E R  o f  1 0 . 8 % ,  

h i g h l i g h t i n g  t h e  i m p o r t a n c e  o f  a c c u r a t e  f a c e  s e g m e n t a t i o n .

6.3.5 SDUMLA Identification Performance

T h i s  d a t a s e t  w a s  u s e d  t o  e v a l u a t e  t h e  r e s p o n s e  o f  c l a s s i f i e r s  w h e n  f a c e  f e a t u r e s  a r e  o c 

c l u d e d  b y  i t e m s  s u c h  a s  g l a s s e s  a n d  h a t s  o r  a r e  s u b s t a n t i a l l y  c h a n g e d  b y  f a c i a l  e x p r e s s i o n s  

s u c h  a s  a  g a p i n g  m o u t h .  T h e  p o s e  a n g l e s  u s e d  w e r e  c o n s t a n t  a t  a  n e a r - f r o n t a l  a n g l e .  V R A  

i s  s t i l l  u s e d ,  b u t  t h e  t e s t  i m a g e s  a r e  s i m p l y  w a r p e d  a c c o r d i n g  t o  t h e  t r a i n i n g  i m a g e s ,  i n 

s t e a d  o f  p e r f o r m i n g  f r o n t a l i z a t i o n  ( o r  s m a l l e s t - d i f f e r e n c e  w a r p i n g )  o n  a l l  t r a i n i n g  a n d  t e s t  

i m a g e s ,  w h i c h  m e a n s  t h e  t r a i n i n g  s a m p l e s  a r e  u n c h a n g e d .  T h e  s e g m e n t e d  r e s o l u t i o n  o f  

2 0 0  x  2 0 0  y i e l d e d  t h e  b e s t  a c c u r a c i e s  f o r  a l l  c l a s s i f i e r s .  A  s i g n i f i c a n t  r e d u c t i o n  i n  a c c u r a c y  

w a s  o b s e r v e d  u s i n g  l o w e r  r e s o l u t i o n s ,  s i m i l a r l y ,  f o r  E i g e n ,  F i s h e r  a n d  S V M  -  u p  t o  a  3 8 %  

r e d u c t i o n  i n  c l o s e d - s e t  i d e n t i f i c a t i o n  r a t e  r e s u l t e d  f r o m  u s i n g  a  5 0  x  5 0  i m a g e  r e s o l u t i o n .  

T h i s  r e d u c t i o n  i s ,  h o w e v e r ,  a p p r o x i m a t e l y  4 %  w h e n  F P I R  <  3 0 %  f o r  E i g e n ,  F i s h e r  a n d  

S V M .  O n  t h e  o t h e r  h a n d ,  L B P H ' s  D I R  d r o p s  a l m o s t  l i n e a r l y  a c r o s s  F P I R  v a l u e s  a t  a  

5 0  x  5 0  i m a g e  r e s o l u t i o n .  T h e  a b o v e  t r e n d s  a r e  s i m i l a r  t o  t h o s e  o b s e r v e d  f o r  t h e  o n e  a n d  

t h r e e  t r a i n i n g  s a m p l e s  u s e d  i n  s e p a r a t e  t e s t s .  S i n c e  o n l y  f r o n t a l  f a c e s  w e r e  u s e d ,  a l l  t h r e e  

t r a i n i n g  s a m p l e s  w e r e  u s e d  a s  i n p u t  f o r  t h e  c l a s s i f i e r s .

T h e  S V M  a g a i n  o u t p e r f o r m s  a l l  t h e  c l a s s i f i e r s  f o r  b o t h  o n e  a n d  t h r e e  t r a i n i n g  s a m p l e s ;  

s e e  F i g u r e s  6 . 8 b  a n d  6 . 9 b . H o w e v e r ,  t h e  p e r f o r m a n c e  d i f f e r e n c e  i s  m o r e  p r o n o u n c e d  w h e n  

u s i n g  t h r e e  t r a i n i n g  s a m p l e s .  F i s h e r  m a r g i n a l l y  o u t p e r f o r m s  E i g e n  w h e n  u s i n g  m o r e
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t r a i n i n g  s a m p l e s ,  b u t  b o t h  p r o d u c e  z e r o  m i s c l a s s i f i c a t i o n s  a s  s e e n  i n  F i g u r e  6 . 9 b . L B P H  

c o n t i n u e s  t o  b e  s i g n i f i c a n t l y  o u t p e r f o r m e d  b y  t h e  o t h e r  c l a s s i f i e r s  f o r  f a c e  i d e n t i f i c a t i o n .

Classifier 0.1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 0 0 0 0 1 .7

1 - F i s h e r L B P V L 0 0 0 0 0 0 . 2 1 .9

1 - L B P H L 0 0 0 0 . 2 0 . 4 0 . 9 4 . 4

1 - S V M L B P V L 0 0 0 0 0 0 0 . 3

(b) FNIR values

Figure 6 .8 : O n e  S D U M L A  f a c e  t r a i n i n g  s a m p l e  u s i n g  V R A  o n  r e m a i n i n g  t e s t  i m a g e s :  

( a )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

T h e  c l o s e d - s e t  i d e n t i f i c a t i o n  a c c u r a c y  o f  1 0 6  c l a s s e s  f r o m  t h e  S D U M L A  f a c e  d a t a s e t  w a s  

e v a l u a t e d  b y  S h a m s  e t  a l. ( 2 0 1 6 )  u s i n g  t h r e e  f r o n t a l  t r a i n i n g  s a m p l e s  a n d  t h r e e  f r o n t a l  

t e s t  s a m p l e s .  T h e i r  s y s t e m  i s  c o m p a r e d  t o  t h e  p r o p o s e d  a p p r o a c h  i n  T a b l e  6 . 9  w h e r e  t h e  

p r o p o s e d  s y s t e m  o n l y  r e q u i r e s  o n e  t r a i n i n g  s a m p l e  t o  a c h i e v e  p e r f e c t  a c c u r a c y ,  c o m p a r e d  

t o  t h e i r  r e s u l t  o f  8 9 . 8 %  w h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s .

6.3.6 Discussion of Face Results

L B P L  m a r g i n a l l y  o u t p e r f o r m s  L B P V L  o n  t h e  F E R E T  b - s e r i e s  d a t a s e t .  T h e  o p t i m a l  

p a r a m e t e r s  a r e  i d e n t i c a l  t o  t h o s e  f o r  f i n g e r p r i n t s  f o r  a l l  m e t h o d s  e x c e p t  L B P H .  I n  f a c t ,
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Classifier 0 .1 0 .5 1 5 10 30 100
3 - E i g e n L B P V L 0 0 0 0 0 0 0

3 - F i s h e r L B P V L 0 0 0 0 0 0 0

3 - L B P H L 0 0 0 0 0 0 . 9 3 . 6

3 - S V M L B P V L 0 0 0 0 0 0 0

(b) FNIR values

Figure 6 .9 : T h r e e  S D U M L A  f a c e  t r a i n i n g  s a m p l e s  u s i n g  V R A  o n  r e m a i n i n g  t e s t  i m a g e s :  

( a )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

L B P H  o n c e  a g a i n  s h o w s  m a r k e d  i m p r o v e m e n t  w i t h  a d d i t i o n a l  p a r a m e t e r  t u n i n g  s u g g e s t 

i n g  t h a t  i t  i s  m o s t  a f f e c t e d  b y  d i f f e r e n t  t e x t u r e  t y p e s  o f  m o d a l i t i e s  a n d  b y  t h e  i m a g e  

a c q u i s i t i o n  p r o c e d u r e  t o  a  l e s s e r  e x t e n t .

T h e  V R A  f a c e  s e g m e n t a t i o n  m e t h o d  o u t p e r f o r m s  f r o n t a l i z a t i o n  i n  a l l  t e s t s  a n d  s i g n i f i 

c a n t l y  w h e n  u s i n g  a  n o n - f r o n t a l  i m a g e  a s  a  r e f e r e n c e .  T h e  v e r s a t i l i t y  o f  V R A  i s  p r o m i s i n g  

a n d  i s  f u r t h e r  a s s e s s e d  i n  C h a p t e r  9 .

S V M  o u t p e r f o r m s  t h e  o t h e r  c l a s s i f i e r s  a n d  s c a l e s  w e l l  w i t h  m o r e  t r a i n i n g  s a m p l e s .  F i s h e r  

p e r f o r m s  s l i g h t l y  b e t t e r  t h a n  E i g e n  w h e n  u s i n g  V R A .  E i g e n  i s  s h o w n  t o  b e  r o b u s t  a g a i n s t  

t h e  s e g m e n t a t i o n  m e t h o d  u s e d .  T h e  l i g h t i n g  n o r m a l i z a t i o n  a s p e c t  o f  L B P V L  a p p e a r s  t o  

b e  s u p e r i o r  t o  o t h e r  m e t h o d s  d u e  t o  i t s  i m p r o v e d  d i s c r i m i n a t i o n  o f  l o c a l  c o n t r a s t .  T h i s  

i s  a  p r o m i s i n g  r e s u l t  a s  i t  c a n  h e l p  m i t i g a t e  i l l  e f f e c t s  o f  d y n a m i c  l i g h t i n g  a c r o s s  m u l t i p l e
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T a b l e  6 . 9 :  C o m p a r a t i v e  c l o s e d - s e t  i d e n t i f i c a t i o n  a c c u r a c y  o f  t h e  p r o p o s e d  a p p r o a c h  

u s i n g  f i v e - f o l d  c r o s s - v a l i d a t i o n  o n  t h e  S D U M L A  f a c e  d a t a s e t  ( % ) .

A p p r o a c h ( % )

1 - S V M 1 0 0

3 - S V M 1 0 0

S h a m s  e t  a l .  ( 2 0 1 6 ) 8 9 . 8

s a m p l e s  t h a t  c u r r e n t  i m a g e - b a s e d  b i o m e t r i c  s y s t e m s  a r e  o f t e n  p r o n e  t o .

T h e  F N I R  v a l u e s  ( p r e d i c t i n g  t h e  i n c o r r e c t  c l a s s )  f o r  S V M  a r e  z e r o  o n  t h e  S D U M L A  f a c e  

d a t a s e t ,  w h i c h  m e a n s  t h a t  o n l y  i m p o s t o r  e r r o r s  o c c u r r e d ,  c o n t r a r y  t o  t h e  S V M  r e s u l t s  f o r  

t h e  f i n g e r p r i n t .  T h i s  c a n ,  h o w e v e r ,  b e  m o d a l i t y  r e l a t e d  o r  d u e  t o  S D U M L A  b e i n g  a  f r o n t a l  

d a t a s e t  w i t h  f a c i a l  e x p r e s s i o n s  a n d  o c c l u s i o n s ,  a n d  t h u s  w e  c a n n o t  c o n f i r m  t h e  r e a s o n  a t  

t h i s  t i m e .  R e s u l t s  a r e  o v e r a l l  b e t t e r  t h a n  t h o s e  f o r  t h e  f i n g e r p r i n t ,  w h i c h  i s  p r o b a b l y  d u e  

t o  t h e  V R A  s e g m e n t a t i o n  m e t h o d ,  e s p e c i a l l y  c o n s i d e r i n g  t h e  w e a k  F e i  f a c e  f r o n t a l i z a t i o n  

r e s u l t s ,  w h i c h  a r e  m o r e  s i m i l a r  t o  t h e  r e s u l t s  r e c o r d e d  f o r  t h e  f i n g e r p r i n t .  H o w e v e r ,  t h i s  

d o e s  n o t  m e a n  t h a t  t h e  f a c e  i s  a  b e t t e r  b i o m e t r i c  m o d a l i t y  t h a n  t h e  f i n g e r p r i n t  i n  g e n e r a l ,  

a s  t h e  f a c e  h a s  a  g r e a t  w e a k n e s s  i n  t e r m s  o f  o c c l u s i o n s  a n d  m a k e u p  o r  c h a n g e s  o v e r  t i m e  

s u c h  a s  f a c i a l  h a i r  a n d  w r i n k l e s  o r  a c u t e  d a m a g e .

6.4 Summary

T h i s  c h a p t e r  d e s c r i b e d  t h e  a l g o r i t h m s  u s e d  t o  i m p l e m e n t  t h e  p r o p o s e d  f a c e  r e c o g n i t i o n  

s y s t e m .  T h e  f a c e  w a s  i n i t i a l l y  d e t e c t e d  i n  a n  a p p r o x i m a t e  w i n d o w ,  u s e d  a s  i n p u t  f o r  

t h e  f a c i a l  l a n d m a r k  d e t e c t i o n  a l g o r i t h m .  T h e  l a n d m a r k s  w e r e  k e y p o i n t s  u s e d  t o  o b t a i n  

a n  a c c u r a t e l y  c r o p p e d  R O I  o f  t h e  f a c e .  T h e  n o v e l  V R A  a l g o r i t h m  w a s  d e v e l o p e d  t o  

i m p r o v e  p r o f i l e  f a c e  s e g m e n t a t i o n  s u c h  t h a t  l e s s  d i s t o r t i o n  o c c u r r e d  w h e n  a l i g n i n g  t h e  

d a t a b a s e  a n d  i n p u t  f a c e  i m a g e s ,  t h e r e b y  e f f e c t i v e l y  r e d u c i n g  i n t r a - c l a s s  v a r i a n c e .  T h e  

s a m e  p o s t p r o c e s s i n g  a n d  c l a s s i f i e r  m e t h o d s  u s e d  f o r  t h e  f i n g e r p r i n t  w e r e  a p p l i e d  a n d  

c o m p a r e d .

C l a s s i f i e r  p a r a m e t e r s  w e r e  t u n e d  o n  t h e  p o p u l a r  F E R E T  b - s e r i e s  d a t a s e t ;  L B P H  w a s
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f o u n d  t o  r e q u i r e  d i f f e r e n t  p a r a m e t e r s  f r o m  t h o s e  u s e d  f o r  t h e  p r o p o s e d  f i n g e r p r i n t  i d e n t i 

f i c a t i o n  s y s t e m .  V e r i f i c a t i o n  r e s u l t s  w e r e  a l s o  i n c l u d e d  f o r  t h e  F E R E T  b - s e r i e s  d a t a s e t  a s  

i t  i s  a  p o p u l a r  d a t a s e t  f o r  v e r i f i c a t i o n .  E i g e n ,  F i s h e r  a n d  S V M  s l i g h t l y  p r e f e r r e d  i m a g e s  

c l o s e r  t o  t h e  o r i g i n a l  r e s o l u t i o n ,  b u t  p e r f o r m e d  w i t h i n  t h e  o p t i m a l  r a n g e  a t  5 0  x  5 0  -  

t h e  s a m e  r e s o l u t i o n  u s e d  f o r  t h e  f i n g e r p r i n t .  T h i s  i s  i m p o r t a n t  f o r  c o m p a t i b i l i t y  w h e n  

f u s i n g  b i o m e t r i c  m o d a l i t i e s  f o r  g r e a t e r  a c c u r a c y  i m p r o v e m e n t .  A n  e x c e p t i o n  t o  t h i s  w a s  

t h e  c l o s e d - s e t  i d e n t i f i c a t i o n  a c c u r a c y  o n  S D U M L A  f a c e ,  w h i c h  p e r f o r m e d  p o o r l y  a t  l o w e r  

r e s o l u t i o n s .  P U T  f a c e  a l s o  d r o p p e d  b e l o w  o p t i m a l  r a n g e  a t  5 0  x  5 0 ,  b u t  t o  a  m u c h  l e s s e r  

e x t e n t  a s  r e s u l t s  r e m a i n e d  r e l a t i v e l y  h i g h .  H o w e v e r ,  w h e n  F P I R  <  3 0 % ,  r e s u l t s  w e r e  

w i t h i n  o p t i m a l  r a n g e  i n  b o t h  c a s e s  s u g g e s t i n g  t h a t  r e s o l u t i o n  o n l y  h a s  a  m i n o r  e f f e c t  o n  

i m p o s t o r  r e j e c t i o n .  R e s u l t s  s h o w  t h a t  L B P H  p e r f o r m e d  t h e  w e a k e s t  f o r  o p e n - s e t  f a c e  

i d e n t i f i c a t i o n ,  a  r e s u l t  w h i c h  i s  o p p o s i t e  t o  t h a t  o b t a i n e d  f o r  t h e  p r o p o s e d  f i n g e r p r i n t  

s y s t e m .  T h i s  n o t e w o r t h y  c h a n g e  i n  p e r f o r m a n c e  i s  f u r t h e r  e x p l o r e d  u s i n g  t h e  r e m a i n i n g  

t w o  m o d a l i t i e s .



Chapter 7

Palmprint Recognition Algorithms 

and Results

T h i s  c h a p t e r  d i s c u s s e s  t h e  a l g o r i t h m s  u s e d  t o  d e t e c t  f i n g e r  v a l l e y s  a s  k e y p o i n t s  f o r  p a l m 

p r i n t  b i o m e t r i c s .  T h e  r e s u l t i n g  R O I  o b t a i n e d  f r o m  t h e  M I C  m e t h o d  i s  s h i f t e d  t o w a r d s  

t h e s e  k e y p o i n t s  t o  l o w e r  t h e  i n c o n s i s t e n c y  b e t w e e n  i n t r a - c l a s s  s a m p l e s  o f  p a l m p r i n t s  c a p 

t u r e d  w i t h  l o w  c o n t r o l .  T h e  e v a l u a t i o n  o f  t h e  m e t h o d o l o g y  i s  v a l i d a t e d  a n d  p a r a m e t e r s  

a r e  t u n e d ,  b u t  l e s s  i n f o r m a t i o n  i s  p r o v i d e d  d u e  t o  r e p e a t i n g  r e s u l t s .  T h e  o p e n - s e t  i d e n t i 

f i c a t i o n  a c c u r a c y  i s  t e s t e d  o n  t h r e e  d a t a s e t s  a n d  t h e  r e s u l t s  a r e  d i s c u s s e d .

7.1 Aligning Palmprint Features

S i n c e  t h e  o r i e n t a t i o n ,  s c a l e  a n d  t r a n s l a t i o n  o f  t h e  p a l m  r e g i o n  v a r i e s  m o r e  w h e n  t h e  

h a n d  i m a g e  i s  c a p t u r e d  w i t h o u t  g u i d i n g  p e g s ,  i t  i s  i m p e r a t i v e  t h a t  r e l i a b l e  k e y p o i n t s  

a r e  d e t e c t e d  a s  e f f e c t i v e  i n p u t  f o r  t h e  a l i g n m e n t  p r o c e d u r e .  T h i s  i s  p a r t i c u l a r l y  n e c e s s a r y  

w h e n  t o u c h l e s s  h a n d  s e n s o r s  a r e  u s e d  d u e  t o  l a r g e r  h a n d  p o s e  v a r i a t i o n s  d u r i n g  a c q u i s i t i o n .  

T h e  a l i g n m e n t  p r o c e d u r e  t h u s  u s e s  t h e  t h r e e  v a l l e y  p o i n t s  d e s c r i b e d  i n  S e c t i o n  3 . 2 . 3  t o  

p e r f o r m  a n  a f f i n e  t r a n s f o r m a t i o n  t h a t  a l i g n s  t r a i n i n g  a n d  t e s t  i m a g e s .  T h e  M I C  m e t h o d

135
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i n  S e c t i o n  3 . 2 . 3  i s  s u b s e q u e n t l y  a p p l i e d  t o  t h e  w a r p e d  i m a g e s  b y  u s i n g  t h e  c e n t r e  v a l l e y  

p o i n t  a s  r e f e r e n c e .

7.1.1 Presegmenting the Hand Image

T h e  a c q u i r e d  h a n d  i m a g e  i s  f i r s t  p r e p r o c e s s e d  b y  s e g m e n t i n g  t h e  h a n d  f r o m  t h e  b a c k 

g r o u n d  u s i n g  O t s u  t h r e s h o l d i n g  ( O t s u , 1 9 7 9 )  f o l l o w e d  b y  s i l h o u e t t e  d e t e c t i o n  t h a t  f i n d s  

e x t r e m e  o u t e r  p o i n t s  o n  e a c h  s i d e  o f  t h e  i m a g e .

7.1.2 Contour Detection

A  c o n t o u r  i s  s t o r e d  a s  a  v e c t o r  o f  p o i n t s  r e p r e s e n t i n g  a  c u r v e  i n  a n  i m a g e .  T h e  c o n t o u r  

d e t e c t i o n  a l g o r i t h m  b y  S u z u k i  a n d  K e i i c h i  ( 1 9 8 5 )  i s  a d o p t e d  t o  s t o r e  t h e  o u t l i n e  o f  t h e  

w h i t e  p i x e l s  o f  t h e  b i n a r y  h a n d  i m a g e  a s  a  v e c t o r  o f  2 D  p o i n t s .  I n  t h e  c a s e  w h e r e  c o n t o u r  

p o i n t s  f o r m  a  s t r a i g h t  l i n e ,  o n l y  t h e  e n d  p o i n t s  a r e  c a p t u r e d  t o  r e d u c e  m e m o r y  o v e r h e a d .  

T h e s e  c o n t o u r  p o i n t s  a r e  c o n n e c t e d  b y  d r a w i n g  l i n e s  b e t w e e n  e a c h  o f  t h e m .  A d d i t i o n a l l y ,  

t h e  c o n v e x  h u l l  o f  t h e  c o n t o u r  p o i n t s  i s  c o m p u t e d  t o  f i n d  t h e  e x t r e m e  l e f t ,  r i g h t ,  t o p  

a n d  b o t t o m  c o n t o u r  p o i n t s .  T h e  c e n t r e  o f  t h e s e  e x t r e m a l  p o i n t s  i s  a  r o u g h  e s t i m a t i o n  

o f  t h e  p a l m  c e n t r e .  T h e s e  e x t r e m a l  p o i n t s  a r e  a l s o  u s e d  t o  s e g m e n t  t h e  h a n d  f r o m  t h e  

b a c k g r o u n d  i n  p r e p a r a t i o n  f o r  d e t e r m i n i n g  t h e  R O I  o f  t h e  p a l m p r i n t .  T h e  h a n d  c o n t o u r s ,  

c o n v e x  h u l l  a n d  r o u g h  c e n t r e  p o i n t  a r e  i l l u s t r a t e d  i n  F i g u r e  7 . 1 . T h i s  i s  u s e d  a s  t h e  i n i t i a l  

c e n t r e  p o i n t  f o r  M I C  d e t e c t i o n  i n  a n  e f f o r t  t o  d r a m a t i c a l l y  r e d u c e  t h e  s e a r c h  s p a c e .

7.1.3 MIC detection

T h e  M I C  m e t h o d  i s  u s e d  s o  t h a t  b o t h  c o n t a c t  a n d  c o n t a c t l e s s  p a l m p r i n t s  c a n  b e  s e g 

m e n t e d  r e g a r d l e s s  o f  c o n s t r a i n i n g  f i n g e r  p o s i t i o n s  o r  w h e t h e r  f i n g e r s  a r e  e v e n  d e p i c t e d  

w i t h i n  t h e  i m a g e .
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F i g u r e  7 . 1 :  S e g m e n t a t i o n  a p p r o a c h  o f  Z h a n g  e t  a l.  ( 2 0 0 3 ) .

S h i f t i n g  t h e  M I C  t o w a r d s  t h r e e  v a l l e y  p o i n t s

G i v e n  t h e  d e t e c t e d  c o n t o u r  p o i n t s  t h e  l o c a l i z a t i o n  o f  f i n g e r  v a l l e y s  p r o c e e d s  a s  f o l l o w s .  

T h e  s t a r t i n g  p o i n t  u s e s  t h e  n e a r e s t  m a t c h i n g  c o n t o u r ’ s  y - c o o r d i n a t e  w i t h  t h e  M I C  c e n t r e ’ s 

y - c o o r d i n a t e .  T h e  c o n t o u r  p o i n t s  a r e  s e q u e n t i a l l y  t r a v e r s e d  i n  a  b o t t o m - t o - t o p  m a n n e r ,  

r o w  b y  r o w ,  f r o m  l e f t  t o  r i g h t ,  w h i l e  s e a r c h i n g  f o r  a n  a r c  w i t h  a  m a x i m u m  e n d - t o - e n d  

d i s t a n c e  o f  |  o f  t h e  s e g m e n t e d  h a n d  i m a g e ,  w i t h  a  ± 4 5  o r i e n t a t i o n  t o l e r a n c e  t h a t  c a t e r s  

f o r  r o t a t e d  h a n d s .  T h e  d e t e c t e d  a r c s  a r e  a s s u m e d  t o  b e  e i t h e r  f i n g e r  t i p s  o r  v a l l e y s .  T h e  

t h r e e  f i n g e r  v a l l e y  k e y p o i n t s  a r e  d i s t i n g u i s h e d  f r o m  t h e  f i n g e r  t i p s  b y  s e a r c h i n g  f o r  t h o s e  

c l o s e r  t o  t h e  M I C  c e n t r e .

T h e  r e s u l t i n g  M I C  i s  s h i f t e d  t o w a r d s  t h e  m i d d l e  v a l l e y  p o i n t ,  s i m i l a r  t o  D i n g  a n d  R u a n  

( 2 0 0 6 ) ’ s  a p p r o a c h  a s  e x p l a i n e d  i n  S e c t i o n  3 . 2 . 3  a n d  s h o w n  i n  F i g u r e  3 . 1 4 c .

7.2 Palmprint Segmentation

A f t e r  o b t a i n i n g  t h e  M I C ,  a  m i n o r  m o d i f i c a t i o n  i s  m a d e  t o  t h e  M E C  ( D i n g  a n d  R u a n , 

2 0 0 6 )  b y  s h i f t i n g  i t  b y  o n e  p i x e l  i n c r e m e n t  i n  a  1 0 - p i x e l  b o u n d a r y  u n t i l  t h e  i n d e x - m i d d l e ,
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F i g u r e  7 . 2 :  S q u a r e  R O I  b a s e d  o n  t h r e e  f i n g e r  v a l l e y  p o i n t  M E C .
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(a) Database palmprint image (b) Palmprint image using mid- (c) Palmprint image using three
dle valley point valley points

F i g u r e  7 . 3 :  I m p r o v e d  p a l m p r i n t  a l i g n m e n t  w h e n  u s i n g  t h e  m o d i f i e d  M E C  m e t h o d .

m i d d l e - r i n g  a n d  r i n g - l i t t l e  f i n g e r  v a l l e y s  a r e  e q u i d i s t a n t  f r o m  t h e  c i r c u m f e r e n c e ,  a s  s h o w n  

i n  F i g u r e  7 . 2 . T h i s  i s  i n  c o n t r a s t  t o  t h e  o r i g i n a l  m e t h o d  ( D i n g  a n d  R u a n , 2 0 0 6 ) , t h a t  

s h i f t e d  t h e  M I C  t o w a r d s  t h e  m i d d l e - r i n g  f i n g e r  v a l l e y .  T h e  f i n a l  p a l m p r i n t  R O I  i s  s q u a r e  

s h a p e d  s u c h  t h a t  i t  c i r c u m s c r i b e s  t h e  c i r c l e  w i t h  a  r \ f 2  l e n g t h  p e r  s i d e .

7.3 Palmprint Recognition Results

M e t h o d o l o g y  v a l i d a t i o n  i s  c a r r i e d  o u t  f o r  t h e  p a l m p r i n t  u s i n g  v i s u a l  i n s p e c t i o n  a n d  e m 

p i r i c a l  m e a n s .  T h i s  i s  f o l l o w e d  b y  o p e n - s e t  i d e n t i f i c a t i o n  a n d  v e r i f i c a t i o n  e x p e r i m e n t s  o n  

t h r e e  d a t a s e t s .

7.3.1 Methodology Validation by Visual Inspection

F i g u r e  7 . 3 b  s h o w s  t h e  c o o r d i n a t e  o f  t h e  m i d d l e  p r i n c i p a l  l i n e  e n d i n g  o f  t h e  d a t a b a s e  

p a l m p r i n t  a n d  t w o  r e s u l t i n g  i n p u t  i m a g e s  f o r  v i s u a l  p u r p o s e s .  T h e  s e g m e n t a t i o n  c o n s i s 

t e n c y  i s  i m p r o v e d  w h e n  u s i n g  t h e  p r o p o s e d  m e t h o d  t h a t  c o n s i s t s  o f  t h r e e  v a l l e y  k e y p o i n t s  

c o m p a r e d  w i t h  D i n g  a n d  R u a n  ( 2 0 0 6 ) ’ s  s i n g l e  k e y p o i n t  a p p r o a c h .
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7.3.2 Tuning of Experimental Parameters

T h e  r e c o g n i t i o n  p e r f o r m a n c e  o f  t h e  p r o p o s e d  p a l m p r i n t  s y s t e m  w a s  v a l i d a t e d  o n  t h e  r i g h t  

p a l m p r i n t  o f  t h e  C A S I A - P a l m p r i n t  d a t a s e t ,  s i m i l a r l y  t o  f i n g e r p r i n t  a n d  f a c e  s y s t e m s .  A  

r e s o l u t i o n  o f  5 0  x  5 0  w a s  f o u n d  t o  b e  o p t i m a l  a s  f o r  t h e  f i n g e r p r i n t ,  w h i c h  i s  p e r h a p s  

a t t r i b u t e d  t o  t h e i r  s i m i l a r  a n d  s p a r s e  t e x t u r e  p a t t e r n s .  O f  n o t e ,  b o t h  t h e  f i n g e r p r i n t  

a n d  p a l m p r i n t  p e r f o r m a n c e  i s  i n c r e a s i n g l y  s e n s i t i v e  t o  r e s o l u t i o n s  a b o v e  6 5  x  6 5  a l b e i t  

t h e  p a l m p r i n t  t o  a  l e s s e r  d e g r e e  w i t h  a  4 %  d e f i c i t  a t  1 0 0  x  1 0 0 .  T h i s  i s  a t t r i b u t e d  t o  

t h e  l a r g e r  s e g m e n t e d  r e s o l u t i o n  o f  2 0 0  x  2 0 0  f o r  t h i s  p a r t i c u l a r  p a l m p r i n t  d a t a s e t .  T h e  

o p t i m a l  n u m b e r  o f  p r i n c i p a l  c o m p o n e n t s  r e m a i n e d  2 0 0  f o r  E i g e n  a n d  F i s h e r .  T h e  l i n e a r  

S V M  a t  C  =  1 0 4 w a s  a g a i n  f o u n d  t o  b e  w i t h i n  o p t i m a l  r a n g e .  L B P H  a c h i e v e d  a n  a c c u r a c y  

d i f f e r e n c e  o f  o n l y  1 %  w h e n  c o m p a r i n g  L B P H  a g a i n s t  L B P H L  r e g a r d l e s s  o f  t h e  n u m b e r  o f  

t r a i n i n g  s a m p l e s  u s e d .  T h e  p a r a m e t e r s  w e r e  t h u s  r e t u n e d ,  b u t  w e r e  f o u n d  t o  b e  o p t i m a l  

a t  t h e  s a m e  v a l u e s  u s e d  f o r  t h e  f a c e ,  w i t h  a  4 - p i x e l  r a d i u s  a n d  s i x  n e i g h b o u r s .  T h i s  m e a n s  

t h a t  t h e  f i n g e r p r i n t  p r e f e r s  a  s p a r s e r  t e x t u r e  d e s c r i p t o r  t h a n  e i t h e r  p a l m p r i n t  o r  f a c e .  A s  

w i t h  t h e  f i n g e r p r i n t ,  L B P H  a c h i e v e d  s u p e r i o r  a c c u r a c y  c o m p a r e d  t o  t h e  o t h e r  c l a s s i f i e r s .

T a b l e  7 .1  s u m m a r i z e s  t h e  p r o p o s e d  s y s t e m  a c c u r a c i e s  u s i n g  t h e  d e t e r m i n e d  p a r a m e t e r s .  

T h e  L B P H  c l a s s i f i e r  a c h i e v e s  t h e  b e s t  r e s u l t s  w i t h  a  n o t i c e a b l y  b e t t e r  c l o s e d - s e t  i d e n 

t i f i c a t i o n  r e s u l t  t h a n  t h e  o t h e r  c l a s s i f i e r s  f o r  o n e  a n d  t h r e e  t r a i n i n g  s a m p l e s .  O f  n o t e ,  

t h e  E i g e n  c l a s s i f i e r  u t i l i z e s  a d d i t i o n a l  t r a i n i n g  s a m p l e s  m o r e  e f f e c t i v e l y  t h a n  t h e  o t h e r  

c l a s s i f i e r s ,  s u g g e s t i n g  t o t a l  v a r i a n c e  t o  b e  r e l a t i v e l y  h i g h .  L a s t l y ,  F i s h e r  s c a l e s  t h e  w o r s t  

w i t h  a d d i t i o n a l  t r a i n i n g  s a m p l e s  p r e s u m a b l y  d u e  t o  s o m e  i n t r a - c l a s s  v a r i a n c e .

T a b l e  7 . 1 :  I R  w h e n  u s i n g  1 , 3  a n d  5  t r a i n i n g  s a m p l e s  o n  t h e  C A S I A - P a l m p r i n t  d a t a s e t  

( i n  % ) .

C l a s s i f i e r 1 3 5

E i g e n L B P V L 7 8 . 0 8 7 . 9 9 3 . 2

F i s h e r L B P V L 7 8 . 3 8 2 . 5 8 5 . 6

L B P H L 8 5 . 4 9 2 . 5 9 5 . 8

S V M L B P V L 7 8 . 8 8 5 . 5 9 0 . 4

T h e  n e x t  s e c t i o n s  d o c u m e n t  t h r e e  o p e n - s e t  i d e n t i f i c a t i o n  e x p e r i m e n t s  o n  d i f f e r e n t  p a l m -  

p r i n t  d a t a s e t s .
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7.3.3 CASIA-Palmprint Identification Performance

R e f e r r i n g  t o  F i g u r e s  7 . 4  a n d  7 . 5 , L B P H  a c h i e v e s  b e t t e r  c l a s s  i d e n t i f i c a t i o n ,  b u t  a t  r e l a 

t i v e l y  p o o r  F P I R  v a l u e s  c o m p a r e d  w i t h  t h e  o t h e r  c l a s s i f i e r s .  E i g e n ’ s  p e r f o r m a n c e  s c a l e s  

t h e  b e s t  o n  a v e r a g e  w h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s  a n d  i s  o n l y  n a r r o w l y  o u t p e r f o r m e d  

a t  F P I R  =  1 0 0 % .  S V M  a l s o  o u t p e r f o r m s  L B P H  o n  a v e r a g e  a t  F P I R  <  1 0 0 %  a n d  a c h i e v e s  

m a x i m u m  D I R  i d e n t i c a l  t o  t h a t  o f  E i g e n .

Classifier 0.1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 .1 0 . 2 0 . 4 1 .6 3 . 4 7 . 9 2 1 . 8

1 - F i s h e r L B P V L 0 .1 0 . 3 0 . 4 1 .6 3 . 6 8 . 0 2 2 . 1

1 - L B P H L 0 0 0 0 0 . 5 2 . 3 1 7 . 8

1 - S V M L B P V L 0 0 0 1 .5 3 . 3 8 . 4 2 1 . 3

(b) FNIR values

Figure 7 .4 : O n e  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  

v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

T h e  p a l m p r i n t  v e r i f i c a t i o n  r e s u l t s  o f  B a d r i n a t h  a n d  G u p t a  ( 2 0 1 1 ) ’ s  s y s t e m  i s  c o m p a r e d  

w i t h  t h e  p r o p o s e d  S V M  m e t h o d  i n  a  l a r g e r  s c a l e  e x p e r i m e n t .  S i n c e  v e r i f i c a t i o n  p e r f o r 

m a n c e  i s  t e s t e d ,  t h e  l e f t  a n d  r i g h t  p a l m p r i n t s  a r e  c o m b i n e d  w i t h o u t  m i r r o r i n g  f o r  6 2 4  

c l a s s e s  i n  t o t a l .  B a d r i n a t h  a n d  G u p t a ’ s  s y s t e m  a n d  t h e  p r o p o s e d  S V M  m e t h o d  b o t h  

a c h i e v e  l o w  E E R s  o f  1 . 2 %  a n d  1 . 1 % ,  r e s p e c t i v e l y ,  a s  g i v e n  i n  T a b l e  7 . 2 .
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Classifier 0.1 0 .5 1 5 10 30 100
3 - E i g e n L B P V L 0 0 0 . 2 0 . 9 1 .1 2 . 4 8 . 5

3 - F i s h e r L B P V L 0 0 .1 0 . 2 0 . 9 2 . 9 6 . 2 1 3 . 0

3 - L B P H L 0 0 0 0 0 .1 0 . 9 7 . 6

3 - S V M L B P V L 0 0 0 0 .1 1 .5 3 . 5 8 . 5

(b) FNIR values

Figure 7 .5 : T h r e e  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  

D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

7.3.4 PolyU Identification Performance

T h e  s e g m e n t a t i o n  r e s o l u t i o n  f o r  t h i s  d a t a s e t  i s  a p p r o x i m a t e l y  1 3 0  x  1 3 0  a n d  t h e  o p t i m a l  

r e s o l u t i o n  r e m a i n s  5 0  x  5 0 .  A  1 0 %  D I R  d e f i c i t  r e s u l t s  f r o m  a  1 0 0  x  1 0 0  r e s o l u t i o n .  

C l a s s i f i e r s  p e r f o r m  s i m i l a r l y  a s  t h e  d a t a s e t  s a m p l e s  a r e  o f  c o n s i s t e n t  q u a l i t y .  T h e  D I R  

v a l u e s  a t  3 0 %  F P I R  f o r  E i g e n ,  F i s h e r ,  L B P H  a n d  S V M  a r e  9 8 . 1 % ,  9 8 . 1 % ,  9 9 . 7 %  a n d  

9 9 . 1 % ,  r e s p e c t i v e l y ,  w h i l e  F N I R  ( m i s s  r a t e )  i s  a l w a y s  z e r o .  T h i s  i s  a c h i e v e d  u s i n g  o n l y  a  

s i n g l e  t r a i n i n g  s a m p l e ,  w i t h  d e t a i l e d  r e s u l t s  s h o w n  i n  F i g u r e  7 . 6 b .

S i n c e  a l l  c l a s s i f i e r s  a c h i e v e d  a  1 0 0 %  D I R  b e l o w  3 0 %  F P I R ,  D I R  r e s u l t s  a t  0 %  F P I R  a n d  

0 %  F N I R  a r e  g i v e n  i n  T a b l e  7 . 3 . S V M  a c h i e v e s  t h e  b e s t  r e s u l t s  a n d  i t  i s  a p p a r e n t  t h a t  

L B P H  d o e s  n o t  s c a l e  a s  w e l l  a s  t h e  o t h e r  c l a s s i f e r s  w h e n  g i v e n  m o r e  t r a i n i n g  s a m p l e s .



Chapter 7. Proposed Palmprint Recognition System and Results 143

T a b l e  7 . 2 :  C o m p a r a t i v e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  a p p r o a c h  f o r  p a l m p r i n t  v e r i f i c a t i o n  

o n  t h e  C A S I A - P a l m p r i n t  d a t a s e t .

A p p r o a c h E E R  ( % )

2 - S V M 1 .1

B a d r i n a t h  a n d  G u p t a  ( 2 0 1 1 ) 1 .2

5

FPIR (%)

(a) DIR vs. FPIR

C l a s s i f i e r 0 . 1 0 . 5 1 5 1 0 3 0 1 0 0

1 - E i g e n L B P V L 0 0 0 0 0 0 0

1 - F i s h e r L B P V L 0 0 0 0 0 0 0

1 - L B P H L 0 0 0 0 0 0 0

1 - S V M L B P V L 0 0 0 0 0 0 0

(b) FNIR values

F i g u r e  7 . 6 :  O n e  P o l y U  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  v e r s u s  

e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

T a b l e  7 . 3 :  P o l y U  p a l m p r i n t  r e s u l t s  a t  0 %  F P I R  a n d  0 %  F N I R  u s i n g  t h r e e  t r a i n i n g  

s a m p l e s .

C l a s s i f i e r D I R

3 - E i g e n L B P V L 9 7 . 0

3 - F i s h e r L B P V L 9 7 . 7

3 - L B P H L 9 5 . 2

3 - S V M L B P V L 9 8 . 7

Z h a n g  e t  a l. ( 2 0 1 6 ) ’ s  p a l m p r i n t  s y s t e m  i s  c o m p a r e d  w i t h  t h e  p r o p o s e d  p a l m p r i n t  s y s t e m  

b y  m e a s u r i n g  v e r i f i c a t i o n  p e r f o r m a n c e  o n  t h e  2 5 0  i n d i v i d u a l s  o f  t h e  P o l y U  p a l m p r i n t
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d a t a s e t .  S i n c e  t h e  n u m b e r  o f  t r a i n i n g  i m a g e s  a r e  n o t  s p e c i f i e d  i n  t h e  s t u d y ,  o n l y  t h e  

f i r s t  s a m p l e  i s  u s e d  f o r  t h i s  p u r p o s e .  F u r t h e r m o r e ,  o n l y  t h e  f i r s t  s e s s i o n ,  c o n s i s t i n g  o f  s i x  

s a m p l e s ,  a r e  u s e d  i n  t h e  t e s t .  Z h a n g  e t  a l . ’ s  a p p r o a c h  y i e l d s  a  l o w  E E R  o f  0 . 0 2 5 7 % ,  w h i l e  

a l l  p r o p o s e d  a p p r o a c h e s  r e s u l t  i n  z e r o  e r r o r .

7.3.5 IITD-Palmprint Identification Performance

T h i s  c h a l l e n g i n g  d a t a s e t  f a v o u r s  u s e r  c o n v e n i e n c e  a s  i t  w a s  c a p t u r e d  w i t h  a  t o u c h l e s s  

h a n d  s e n s o r .  A s  s h o w n  i n  F i g u r e s  7 . 7  a n d  7 . 8 , L B P H  s i g n i f i c a n t l y  o u t p e r f o r m s  t h e  o t h e r  

p r o p o s e d  m e t h o d s  f o r  o n e  t r a i n i n g  s a m p l e .  W h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s ,  L B P H  

a n d  E i g e n  i m p r o v e  b y  1 0 %  a n d  1 3 % ,  r e s p e c t i v e l y .  F u r t h e r m o r e ,  L B P H  a c h i e v e s  b e t t e r  

D I R  v a l u e s  t h a n  E i g e n  b y  a t  l e a s t  9 %  f o l l o w e d  b y  S V M  a n d  l a s t l y  F i s h e r .

M o r a l e s  e t  a l.  ( 2 0 1 1 )  c o m p a r e d  t h e i r  s y s t e m  w i t h  t h e  I I T D  d a t a s e t  a u t h o r s ’ ( K u m a r , 2 0 0 8 )  

a p p r o a c h  u s i n g  f i v e  t r a i n i n g  s a m p l e s  a n d  o n l y  a  s i n g l e  t e s t  s a m p l e ,  p e r  2 3 5  s u b j e c t s .  T h e  

r e l a t i v e l y  l a r g e  n u m b e r  o f  t r a i n i n g  s a m p l e s  a l l o w  b o t h  s y s t e m s  t o  a c h i e v e  l o w  E E R s .  T h e  

L B P H  v e r s i o n  o f  t h e  p r o p o s e d  s y s t e m  p e r f o r m s  c o m p a r a b l y  w i t h  t h e  n o n - t e x t u r e - b a s e d  

s y s t e m  o f  M o r a l e s  e t  a l . , a s  s h o w n  i n  T a b l e  7 . 4 .

T a b l e  7 . 4 :  C o m p a r a t i v e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  a p p r o a c h  f o r  p a l m p r i n t  v e r i f i c a t i o n  

o n  t h e  I I T D - P a l m p r i n t  d a t a s e t .

A p p r o a c h E E R  ( % )

P r o p o s e d  5 - L B P H L 0 . 2 3

M o r a l e s  e t  a l .  ( 2 0 1 1 ) 0 . 2 1

K u m a r  ( 2 0 0 8 ) 1 .3 1

7.3.6 Discussion of Palmprint Results

L B P H  a c h i e v e s  t h e  b e s t  D I R  w h e n  u s i n g  a  s i n g l e  t r a i n i n g  s a m p l e ,  b u t  a t  a  r e l a t i v e l y  h i g h  

F P I R .  T h e  S V M  a l s o  a c h i e v e s  a  h i g h  D I R  f o r  a  s i n g l e  t r a i n i n g  s a m p l e  a n d  o f t e n  a c h i e v e s  

t h e  l o w e s t  F P I R .  W h e n  s p e c i f i c a l l y  c o n s i d e r i n g  d a t a s e t s  w i t h  h i g h  i n t r a - c l a s s  v a r i a t i o n s ,  

F i s h e r  a c h i e v e s  b a d  r e s u l t s  f o r  t h e  f i n g e r p r i n t ,  f a c e  a n d  p a l m p r i n t .  T h e  S V M  d o e s  n o t
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Classifier 0.1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 . 2 0 . 8 1 .8 3 7 . 8 2 6 . 7

1 - F i s h e r L B P V L 0 0 0 . 8 1 .8 3 . 2 8 . 2 2 7 . 3

1 - L B P H L 0 0 .2 0 .2 0 . 2 1 3 . 5 1 5 .2

1 - S V M L B P V L 0 0 . 5 2 . 8 3 . 2 4 . 3 8 . 7 2 3 . 5

(b) FNIR values

Figure 7 .7 : O n e  I I T D - P a l m p r i n t  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  

v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

s c a l e  a s  w e l l  a s  E i g e n  a n d  L B P H  w i t h  m o r e  t r a i n i n g  s a m p l e s ,  b u t  i t  i s  c o n s i s t e n t  s i n c e  

i t  d o e s  n o t  d e v i a t e  m u c h  f r o m  t h e  t r e n d s  f o r  o t h e r  m o d a l i t i e s .  O n  t h e  o t h e r  h a n d ,  w h e n  

c o n s i d e r i n g  d a t a s e t s  w i t h  l o w  i n t r a - c l a s s  v a r i a t i o n s ,  S V M  a n d  F i s h e r  s c a l e  w e l l  w i t h  m o r e  

t r a i n i n g  d a t a .

T h e  I I T D  t e s t  r e s u l t s  s h o w  t h a t  L B P H  p e r f o r m s  r e l a t i v e l y  w e l l  w i t h  i n t r a - c l a s s  v a r i a t i o n s  

c a u s e d  b y  a l i g n m e n t  i s s u e s .  H o w e v e r ,  a n o t h e r  r e a s o n  m a y  b e  t h a t  t h e  I I T D  d a t a s e t  

c o n t a i n s  t h e  m o s t  w e l l - d e f i n e d  s p a r s e  t e x t u r e  i n  t e r m s  o f  p r i n c i p a l  l i n e s  a n d  o t h e r  t e x t u r e  

p a t t e r n s  a s  i t  h a s  t h e  h i g h e s t  c a p t u r e  r e s o l u t i o n ,  w h i l e  P o l y U  h a s  t h e  l o w e s t .  T h e r e f o r e ,  

t h e  h i g h  a c c u r a c y  o f  L B P H  m a y  b e  a t t r i b u t e d  t o  i t s  a b i l i t y  t o  a g g r e g a t e  t h o s e  f e a t u r e s  

m o r e  e f f e c t i v e l y  t h a n  t h e  o t h e r  c l a s s i f i e r s  a s  w a s  t h e  c a s e  w i t h  t h e  f i n g e r p r i n t .
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Classifier 0.1 0 .5 1 5 10 30 100
3 - E i g e n L B P V L 0 0 1 2 .5 4 . 5 4 . 9 1 3 . 9

3 - F i s h e r L B P V L 0 . 5 0 . 5 0 . 5 1 3 . 0 6 . 5 2 0 . 4

3 - L B P H L 0 0 0 0 . 5 0 . 5 0 . 5 5 . 3

3 - S V M L B P V L 0 0 . 2 0 . 7 3 . 5 4 . 8 5 . 2 1 9 . 8

(b) FNIR values

Figure 7 .8 : T h r e e  I I T D - P a l m p r i n t  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  

v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

7.4 Summary

I m p l e m e n t a t i o n  o f  t h e  p a l m p r i n t  r e c o g n i t i o n  s y s t e m  w a s  d e s c r i b e d  i n  t h i s  c h a p t e r .  T h e  

h a n d  w a s  f i r s t  p r e s e g m e n t e d  t o  r e m o v e  b a c k g r o u n d  n o i s e .  A n  a p p r o a c h  b a s e d  o n  D i n g  

a n d  R u a n  ( 2 0 0 6 ) ’ s  w o r k  w a s  u s e d  t o  d e t e c t  a n  i m p r o v e d  M E C ,  c o n s t i t u t i n g  t h e  p a l m p r i n t .  

T h e  p r o p o s e d  a p p r o a c h  u s e d  a n  e x t r a  t w o  f i n g e r  v a l l e y s  a d j a c e n t  t o  t h e  m i d d l e  f i n g e r ,  

a n d  w a s  v a l i d a t e d  t o  b e  m o r e  a c c u r a t e  a t  a l i g n i n g  t h e  M E C  f o r  r o b u s t n e s s  t o  h a n d  p o s e s  

o f  p a l m p r i n t  i m a g e s  i n  l e s s  c o n s t r a i n e d  c o n d i t i o n s .  T h e  r e s t  o f  t h e  p r o c e s s  f o l l o w e d  t h e  

s a m e  p o s t p r o c e s s i n g  a n d  c l a s s i f i e r  m e t h o d s  a s  f o r  t h e  f i n g e r p r i n t  a n d  f a c e  m o d a l i t i e s .

C l a s s i f i e r  p a r a m e t e r s  w e r e  t u n e d  o n  t h e  p o p u l a r  C A S I A - P a l m p r i n t  d a t a s e t .  L B P H  r e s u l t s  

w e r e  o p t i m a l  w h e n  u s i n g  t h e  s a m e  p a r a m e t e r s  a s  f o r  t h e  f a c e  i d e n t i f i c a t i o n  s y s t e m ,  b u t
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t h e  a d d i t i o n  o f  a  L o G  f i l t e r  o n l y  i m p r o v e d  t h e  a c c u r a c y  b y  1 %  o n  t h e  v a l i d a t i o n  d a t a s e t .  

O n  t h e  o t h e r  h a n d ,  t h e  s a m e  5 0  x  5 0  u s e d  f o r  t h e  f i n g e r p r i n t  w a s  f o u n d  t o  b e  o p t i m a l  f o r  

t h e  p a l m p r i n t  w h e n  u s i n g  E i g e n ,  F i s h e r  a n d  S V M .  R e s u l t s  r e v e a l  t h a t  S V M  a n d  F i s h e r  

s c a l e d  w e l l  w i t h  m o r e  t r a i n i n g  s a m p l e s  o n  d a t a s e t s  c o n t a i n i n g  l o w  i n t r a - c l a s s  v a r i a t i o n s ,  

w h e r e a s  E i g e n  a n d  L B P H  s c a l e d  w e l l  r e g a r d l e s s .



C h a p t e r  7 .  P r o p o s e d  P a l m p r i n t  R e c o g n i t i o n  S y s t e m  a n d  R e s u l t s 1 4 8



Chapter 8

Iris Recognition Algorithms and 

Results

T h i s  c h a p t e r  d i s c u s s e s  t h e  a l g o r i t h m s  u s e d  t o  d e t e c t  t h e  p u p i l  a n d  i r i s  b o u n d a r i e s  a s  

k e y p o i n t s .  T h e  H o u g h  m e t h o d  i s  i m p r o v e d  f o r  c o n s i s t e n t  i r i s  s e g m e n t a t i o n  a n d  r o b u s t 

n e s s  t o  o c c l u s i o n s  c a u s e d  b y  s q u i n t i n g  a n d  o f f - c e n t r e  e y e  g a z i n g .  T h e  e v a l u a t i o n  o f  t h e  

m e t h o d o l o g y  i s  v a l i d a t e d  a n d  p a r a m e t e r s  a r e  t u n e d .  O p e n - s e t  i d e n t i f i c a t i o n  a c c u r a c y  i s  

t e s t e d  o n  t h r e e  d a t a s e t s  a n d  t h e  r e s u l t s  a r e  d i s c u s s e d .

8.1 Aligning Iris Features

T h e  H T  m e t h o d  b y  W i l d e s  ( 1 9 9 7 ) , a s  d i s c u s s e d  i n  S e c t i o n  3 . 2 . 4 , i s  i m p r o v e d  t o  i n c r e a s e  

t h e  r o b u s t n e s s  w h e n  s e g m e n t i n g  t h e  i r i s  p r i o r  t o  c l a s s i f i c a t i o n .  T h e  i m p r o v e d  p r o c e s s ,  

w h i c h  i s  s e t  o u t  i n  t h e  p r o p o s e d  i r i s  b i o m e t r i c  i m p l e m e n t a t i o n ,  p r o c e e d s  a s  f o l l o w s .  1

1 . C a n d i d a t e  p u p i l  r e g i o n s  a r e  d e t e c t e d  b y  r e s t r i c t i n g  t h e  H T  t o  a p p r o x i m a t e  c i r c l e s  o f  

a  p i x e l - s i z e d  r a d i u s  o f  r [ 1 5 ,  4 5 ] ,  d e t e r m i n e d  e m p i r i c a l l y  f o r  p e r i o c u l a r  r e g i o n s .  T h e  

p a r a m e t e r s  u s e d  f o r  t h e  H T  a r e  a  C a n n y  e d g e  t h r e s h o l d ,  T h  =  1 0 0 ,  a n d  a  m i n i m u m  

c i r c l e  c e n t r e  i n t e r - d i s t a n c e  o f  1 0  p i x e l s .

149
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T h e  s t a r t  o f  t h e  p r o p o s e d  a p p r o a c h  i s  i n  c o n t r a s t  w i t h  t h e  o r i g i n a l  H T  m e t h o d ,  

w h i c h  f i r s t  d e t e c t s  t h e  i r i s  f o l l o w e d  b y  t h e  p u p i l .  T h e  r e v e r s e  o r d e r  i s  p r o p o s e d  a s  

i t  i s  a s s u m e d  t h e  p u p i l  i s  e a s i e r  t o  d e t e c t .  T h i s  i s  b e c a u s e  w h e n  o v e r l a p p i n g  c i r c l e s  

a r e  f o u n d ,  t h e  s m a l l e r  o n e  w i t h  h i g h e r  c o n t r a s t  i s  s e l e c t e d  a s  i t  i s  a s s u m e d  t h e  p u p i l  

i s  a l w a y s  s m a l l e r  a n d  d a r k e r  t h a n  t h e  i r i s .

2 .  A n  a p p r o x i m a t e  c o n c e n t r i c  c i r c l e  ( c a n d i d a t e  i r i s ) ,  w i t h  a  3 - p i x e l  t o l e r a n c e  f o r  t h e  

c o m m o n  c e n t r e  c o o r d i n a t e ,  i s  s o u g h t  u s i n g  t h e  s a m e  p a r a m e t e r s ,  e x c e p t  w i t h  a  

r a d i u s  r a n g e  o f  r [ 3 0 ,  8 0 ] ,  i n s t e a d  o f  r [ 1 5 ,  4 5 ] .  T h e  c a n d i d a t e s  t h a t  f i t  w i t h i n  t h e  

p e r i o c u l a r  r e g i o n  a r e  s e l e c t e d .  T h i s  r e d u c e d  t h e  n u m b e r  o f  c a n d i d a t e  i r i s e s  t o  o n e  

i n  m o r e  t h a n  9 0 %  o f  t h e  i m a g e s  w h e n  c a r r i e d  o u t  o n  t h e  r i g h t  i r i s  f o r  e a c h  i n d i v i d u a l  

i n  t h e  C A S I A - I r i s - L a m p  d a t a s e t .  T h e  c a n d i d a t e  i r i s  i s  h i g h l i g h t e d  i n  F i g u r e  8 . 1 b .

3 .  S e g m e n t a t i o n  o f  t h e  o u t e r  r e g i o n  w i t h o u t  c o n s i d e r i n g  e y e l i d  b o u n d a r i e s  p r o d u c e s  t h e  

i m a g e  i n  F i g u r e  8 . 1 c . I n  a n  e f f o r t  t o  c o u n t e r a c t  o c c l u s i o n s  a n d  o t h e r  i n c o n s i s t e n c i e s ,  

t h e  r e s t  o f  t h e  p r o c e s s  f o l l o w s  a  n e w  a p p r o a c h  o n  o b t a i n i n g  t h e  b e s t  i r i s  c a n d i d a t e  

w i t h  n o  k n o w n  c o m m o n a l i t i e s  w i t h  t h e  o r i g i n a l  H T  m e t h o d .

4 .  T h e  e y e l i d  b o u n d a r i e s  a r e  d e t e r m i n e d  b y  c o n t r a s t i n g  t h e  s c l e r a  a n d  t h e  i r i s  r e 

g i o n  v e r t i c a l l y  a n d  h o r i z o n t a l l y  t o  t h e  f i r s t  c o n n e c t e d  p i x e l  f o u n d  f r o m  t h e  c e n t r e  o f  

t h e  p u p i l ,  u s i n g  O t s u ’ s  i m a g e  b i n a r i z a t i o n  d i s c u s s e d  i n  S e c t i o n  3 . 1 . 3  t o  p r o d u c e  F i g 

u r e  8 . 1 d .  T h i s  r e m o v e s  n o n - i r i s  p i x e l s  t o  b e t t e r  a p p r o x i m a t e  t h e  a m o u n t  o f  o c c l u s i o n  

a n d  l o w e r  i n t r a - c l a s s  v a r i a t i o n s  w h e n  d e a l i n g  w i t h  n o n - i d e a l  i r i s  i m a g e  a c q u i s i t i o n  

s u c h  a s  l o n g  e y e l a s h e s ,  s q u i n t i n g  a n d  o f f - c e n t r e  e y e  g a z i n g .  T h e  c a n d i d a t e  t h a t  f a l l s  

o u t s i d e  t h e  b o u n d a r i e s  b y  t h e  l e a s t  n u m b e r  o f  w h i t e  p i x e l s  i s  s e l e c t e d  a s  t h e  b e s t  

c a n d i d a t e ,  a s  s h o w n  i n  F i g u r e  8 . 1 e . T h i s  n e w  a p p r o a c h  c o n t i n u e s  b y  i m p r o v i n g  t h e  

c o n s i s t e n c y  o f  t h e  b e s t  i r i s  c a n d i d a t e  R O I  u s i n g  t h e  b i t w i s e - a n d  o p e r a t i o n  o n  t h e  

b i n a r i z e d  i m a g e  a n d  t h e  c a n d i d a t e  i r i s .

5 .  T h e  r e s u l t i n g  i m a g e  i s  o f t e n  f o u n d  t o  h a v e  o c c l u s i o n s  o n  t h e  t o p  h a l f  o f  t h e  i r i s  

d u e  t o  e y e l i d  p o s i t i o n i n g .  T h e  b o t t o m  h a l f  o f  t h e  r e s u l t  i s  t h u s  u s e d  a s  t h e  f i n a l  

s e g m e n t e d  i r i s .  T h i s  s t e p  f u r t h e r  d e a l s  w i t h  s q u i n t i n g  a n d  o f f - c e n t r e  e y e  g a z i n g .  

T h e  f i n a l  i r i s  s e g m e n t a t i o n  r e s u l t  i s  s h o w n  i n  F i g u r e  8 . 1 f .
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(a) Original iris image (b) Original iris image 
with concentric circles

(c) Segmented candi
date iris image

(d) Otsu’s binarized im
age

(e) Bitwise-and opera
tion on Otsu-binarized 
and segmented candi
date iris image

(f) Bottom-half iris im
age

F igure 8 .1 : I r i s  i m a g e  s e g m e n t a t i o n  p r o c e d u r e .

T h i s  m o d i f i e d  H T  m e t h o d  s u c c e e d s  w h e n  a  p a i r  o f  e y e s  i s  h o r i z o n t a l  w i t h i n  1 5 ° .  T h e  

p r u n e d  c o n c e n t r i c  c i r c l e  i s  t h e  f i n a l  s e g m e n t e d  i r i s ,  w h i c h  i s  s u b s e q u e n t l y  u s e d  a s  i n p u t  

f o r  p o s t p r o c e s s i n g  a n d  c l a s s i f i c a t i o n .

8.2 Iris Recognition Results

M e t h o d o l o g y  v a l i d a t i o n  i s  c a r r i e d  o u t  f o r  t h e  i r i s  u s i n g  v i s u a l  i n s p e c t i o n  a n d  e m p i r i c a l  

m e t h o d s ,  f o l l o w e d  b y  o p e n - s e t  i d e n t i f i c a t i o n  a n d  v e r i f i c a t i o n  o n  t h r e e  d a t a s e t s .

8.2.1 Methodology Validation by Visual Inspection

F i g u r e  8 . 2 d  s h o w s  t h e  r e s u l t  o f  r e m o v i n g  e y e l i d s  p r e s e n t  i n  F i g u r e  8 . 2 b .  W h i l e  m o r e  

f e a t u r e s  a r e  v i s u a l l y  p r e s e n t  b e f o r e  e y e l a s h  a n d  e y e l i d  r e m o v a l ,  t h e  c o n f l i c t i n g  p i x e l s  i n
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(a) Original iris image. (b) Segmented candi
date iris image.

(c) Bitwise-and opera
tion on Otsu-binarized 
and segmented candi
date iris image

(d) Bottom-half iris im
age

F igure 8 .2 : I r i s  i m a g e  s e g m e n t a t i o n  p r o c e d u r e  o n  s l i g h t l y  c l o s e d  e y e .

F i g u r e  8 . 2 b  ( a l s o  F i g u r e  8 . 1 c )  c a n  i n c r e a s e  i n t r a - c l a s s  v a r i a t i o n ,  a n d  a r e  n o t  e x a m p l e s  o f  

u n i q u e  f e a t u r e s  t h a t  d e f i n e  a  c l a s s .

8.2.2 Tuning of Experimental Parameters

T h e  r i g h t  i r i s  f o r  e a c h  i n d i v i d u a l  i n  t h e  C A S I A - I r i s - L a m p  d a t a s e t  c o m p r i s e s  t h e  v a l i d a t i o n  

s e t .  T h e  b l a n k  p i x e l s  ( t o p  h a l f )  o f  t h e  b o t t o m - h a l f  i r i s  i m a g e  a r e  g i v e n  a  z e r o  v a l u e  s o  t h a t  

t h e  r e s o l u t i o n  r e m a i n s  t h e  s a m e ,  f o r  c o m p a t i b i l i t y  w i t h  t h e  f u s e d  d a t a s e t s  ( i n t r o d u c e d  i n  

t h e  n e x t  c h a p t e r ) .  A n  i m a g e  r e s o l u t i o n  o f  5 0  x  5 0  f o r  E i g e n ,  F i s h e r  a n d  S V M  r e s u l t e d  

i n  a  1 5 %  l o w e r  a c c u r a c y  o n  a v e r a g e ,  u s i n g  o n e  t r a i n i n g  s a m p l e .  S i n c e  a l l  t h r e e  c l a s s i f i e r s  

w e r e  n e g a t i v e l y  a f f e c t e d  t o  a  s i m i l a r  d e g r e e ,  a  s e g m e n t e d  r e s o l u t i o n  ( 1 0 0  x  1 0 0  f o r  t h i s  

d a t a s e t )  w a s  u s e d  i n  t h e  e x p e r i m e n t s .  T h e  n u m b e r  o f  p r i n c i p a l  c o m p o n e n t s  r e m a i n e d  a t  

2 0 0  f o r  E i g e n  a n d  F i s h e r ,  w h i l e  t h e  l i n e a r  S V M  r e s u l t s  a l s o  r e m a i n e d  c o n s i s t e n t l y  w i t h i n  

o p t i m a l  r a n g e  w i t h  C  =  1 0 4 . F o r  L B P H L ,  t h r e e  n e i g h b o u r s  a l w a y s  a c h i e v e d  t h e  b e s t
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r e s u l t s  r e g a r d l e s s  o f  t h e  r a d i u s  v a l u e .  F u r t h e r m o r e ,  o n l y  t h e  L o G  f i l t e r  r e s u l t s  ( L B P H L )  

a r e  s h o w n  b e c a u s e  i t s  i n c l u s i o n  i m p r o v e d  r e s u l t s  b y  a b o u t  1 0 %  a t  t h e  b e s t  p a r a m e t e r  

v a l u e s .  T h e  b o t t o m - h a l f  i r i s  r e s u l t s  a r e  s h o w n  f o r  v a r y i n g  r a d i u s  v a l u e s  w h e n  u s i n g  t h r e e  

n e i g h b o u r s  i n  T a b l e  8 . 1 .  R e s u l t s  a r e  s i m i l a r  f o r  t h e  r a d i u s  v a l u e s  b u t  a  2 - r a d i u s  v a l u e  

y i e l d e d  t h e  b e s t  a v e r a g e  a c c u r a c y  a n d  i s  t h u s  u s e d  i n  s u b s e q u e n t  e x p e r i m e n t s .

T a b l e  8 . 1 :  S e l e c t i n g  t h e  o p t i m a l  r a d i u s  ( 1 - 6 )  f o r  L B P H L  u s i n g  t h r e e  n e i g h b o u r s .

C l a s s i f i e r 1 2 3 4 5 6

1 - L B P H L 7 1 . 6 7 2 . 8 7 1 . 8 7 2 . 8 7 2 . 9 6 6 . 8

3 - L B P H L 9 0 . 6 9 0 . 2 9 0 . 6 9 0 . 2 8 9 . 0 8 8 . 8

5 - L B P H L 9 4 . 8 9 4 . 8 9 3 . 7 9 4 . 8 9 3 . 1 9 2 . 2

P a r a m e t e r  t u n i n g  w a s  a l s o  p e r f o r m e d  o n  t h e  f u l l  i r i s e s ,  b u t  r e q u i r e d  n o  c h a n g e s  c o m p a r e d  

t o  t h e  b o t t o m - h a l f  i r i s  p a r a m e t e r s .  A n  a c c u r a c y  i m p r o v e m e n t  o f  a p p r o x i m a t e l y  1 0 %  

r e s u l t e d  f r o m  t h e  u s e  o f  b o t t o m - h a l f  i r i s  s e g m e n t a t i o n  o v e r  t h e  f u l l  i r i s .  A l t h o u g h  i t  m a y  

n o t  a p p e a r  t o  b e  p r u d e n t  t o  d i s c a r d  h a l f  t h e  i r i s ,  c o m p a r i n g  T a b l e s  8 . 3  a n d  8 . 2  s h o w s  

t h a t  u s i n g  t h e  b o t t o m - h a l f  i r i s  i m a g e s  p r o d u c e s  s u p e r i o r  r e s u l t s  a n d  t h u s  t h i s  a p p r o a c h  

i s  h e n c e f o r t h  a d o p t e d .

T a b l e  8 . 2 :  I R  f o r  t h e  f u l l  i r i s  o n  t h e  C A S I A - I r i s - L a m p  d a t a s e t .

C l a s s i f i e r 1 3 5

E i g e n 5 3 . 2 8 5 . 4 9 0 . 7

F i s h e r 4 9 . 3 7 7 . 0 7 0 . 8

L B P H 6 8 . 9 8 8 . 2 8 9 . 4

S V M 5 2 . 2 8 0 . 3 8 4 . 8

T a b l e  8 . 3 :  I R  f o r  t h e  b o t t o m - h a l f  i r i s  o n  t h e  C A S I A - I r i s - L a m p  d a t a s e t .

C l a s s i f i e r 1 3 5

E i g e n 6 4 . 4 9 3 . 6 9 6 . 2

F i s h e r 5 9 . 5 8 5 . 0 8 2 . 4

L B P H 7 2 . 8 9 0 . 2 9 4 . 8

S V M 6 5 . 2 9 2 . 0 9 6 . 0
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8.2.3 CASIA-Iris-Lamp Identification Performance

R e f e r r i n g  t o  F i g u r e s  8 . 3  a n d  8 . 4 , L B P H  d o e s  n o t  s c a l e  a s  w e l l  b e y o n d  o n e  t r a i n i n g  s a m p l e  

w h e n  c o m p a r e d  w i t h  o t h e r  c l a s s i f i e r s ,  w h i c h  w a s  a l s o  o b s e r v e d  i n  t h e  r e s u l t s  o f  t h e  p r e 

v i o u s l y  t e s t e d  m o d a l i t i e s .  H o w e v e r ,  i t  o u t p e r f o r m s  E i g e n  a n d  F i s h e r  s i g n i f i c a n t l y ,  w h i c h  

m a y  b e  a t t r i b u t e d  t o  t h e  i n t r a - c l a s s  v a r i a t i o n s  c a u s e d  b y  t h e  h i g h l y  d i s p a r a t e  p u p i l  s i z e s  

i n  t h i s  c h a l l e n g i n g  d a t a s e t .  A g a i n  L B P H  s h o w s  s u p e r i o r  r o b u s t n e s s  t o  i n t r a - c l a s s  v a r i a 

t i o n s  c o m p a r e d  w i t h  t h e  o t h e r  c l a s s i f i e r s .  R e g a r d l e s s ,  S V M  o u t p e r f o r m s  L B P H  f o r  t h r e e  

t r a i n i n g  s a m p l e s  i n  t e r m s  o f  D I R  d u e  t o  t h e  w e a k  s c a l i n g  o f  m u l t i - s a m p l e  t r a i n i n g  d a t a  

u s i n g  L B P H .  S V M  h a s  u p  t o  3 %  m o r e  m i s c l a s s i f i c a t i o n s  t h a n  L B P H  f o r  t h r e e  t r a i n i n g  

s a m p l e s .

Classifier 0 .1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 . 2 0 . 4 0 . 8 2 . 9 9 . 9 2 7 . 4

1 - F i s h e r L B P V L 0 0 . 3 0 . 4 0 . 9 3 . 2 1 1 .5 3 1 . 6

1 - L B P H L 0 0 0 . 9 1 .2 2 .2 6 .1 1 7 .2

1 - S V M L B P V L 0 0 0 . 5 1 .1 3 . 7 7 . 2 2 0 . 6

(b) FNIR values

Figure 8 .3 : O n e  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  

v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .
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Classifier 0.1 0 .5 1 5 10 30 100
3 - E i g e n L B P V L 0 0 0 1 .2 2 .1 3 . 9 1 9 . 0

3 - F i s h e r L B P V L 0 0 1 .8 3 . 9 4 . 6 5 . 3 2 7 . 8

3 - L B P H L 0 0 0 0 0 . 8 3 .1 1 4 . 9

3 - S V M L B P V L 0 0 0 0 0 . 7 3 . 2 1 3 . 9

(b) FNIR values

Figure 8 .4 : T h r e e  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  

D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

P o d d e r  e t  a l. ( 2 0 1 5 )  d o  n o t  p r o v i d e  i n f o r m a t i o n  o n  t h e  s e t u p  o f  c l a s s e s  a n d  s a m p l e s  o f  

t h e i r  i r i s  v e r i f i c a t i o n  s y s t e m .  F o r  c o m p a r a t i v e  p u r p o s e s ,  t h e  p r o p o s e d  s y s t e m  i s  t e s t e d  o n  

t h e  l e f t  i r i s  o f  4 1 1  i n d i v i d u a l s .  R e s u l t s  a r e  p r o v i d e d  u s i n g  o n e  o r  t h r e e  t r a i n i n g  s a m p l e s ,  

w i t h  t h e  r e m a i n i n g  s a m p l e s  f o r  t e s t i n g .  T h e  p r o p o s e d  s y s t e m  i s  o u t p e r f o r m e d  b y  P o d d e r  

e t  a l . 's  s y s t e m  b y  a  m a r g i n  o f  a p p r o x i m a t e l y  0 . 5 %  E E R ,  w h e n  u s i n g  a  s i n g l e  t r a i n i n g  

s a m p l e .  H o w e v e r ,  t h e  p r o p o s e d  s y s t e m  y i e l d s  b e t t e r  p e r f o r m a n c e ,  b y  a  s l i g h t l y  l a r g e r  

m a r g i n ,  w h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s ,  a s  s h o w n  i n  T a b l e  8 . 4 .

8.2.4 IITD-Iris Identification Performance

T h e  s a m e  r e s o l u t i o n s  u s e d  f o r  C A S I A - I r i s - L a m p ,  p e r  c l a s s i f i e r ,  r e m a i n e d  o p t i m a l  f o r  t h e  

I I T D - I r i s  d a t a s e t  e v e n  t h o u g h  i t  h a s  d o u b l e  t h e  s e g m e n t e d  r e s o l u t i o n .  T h i s  i s  d u e  t o  t h e
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T a b l e  8 . 4 :  C o m p a r a t i v e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  a p p r o a c h  f o r  i r i s  v e r i f i c a t i o n  o n  

t h e  C A S I A - I r i s - L a m p  d a t a s e t .

A p p r o a c h E E R  ( % )

1 - L B P H L 1 . 2 8

3 - L B P H L 0 . 3 3

P o d d e r  e t  a l. ( 2 0 1 5 ) 0 . 8 2

u s e  o f  a  s p a r s e  ( c h e a p )  a n d  r e l a t i v e l y  o l d  c a p t u r i n g  s e n s o r .  A l l  c l a s s i f i e r s  a c h i e v e  h i g h  

a c c u r a c y  a s  s h o w n  i n  F i g u r e  8 . 5 . U s i n g  o n e  t r a i n i n g  s a m p l e ,  t h e  S V M  o u t p e r f o r m s  a l l  

c l a s s i f i e r s ,  e x c e p t  w h e r e  E i g e n  a n d  F i s h e r  s u r p a s s  t h e  S V M  f o r  F P I R  >  2 0 % .  L B P H  

a c h i e v e s  a  r e l a t i v e l y  l o w  D I R  a b o v e  1 0 %  F P I R .

C l a s s i f i e r 0 . 1 0 . 5 1 5 1 0 3 0 1 0 0

1 - E i g e n L B P V L 0 0 0 0 . 4 0 . 4 0 . 5 2 . 6

1 - F i s h e r L B P V L 0 0 0 0 . 3 0 . 3 0 . 3 2 .5

1 - L B P H L 0 0 0 0 . 2 0 . 8 1 .7 4 . 2

1 - S V M L B P V L 0 0 0 0 0 . 5 1 .3 2 . 6

(b) FNIR values

F i g u r e  8 . 5 :  O n e  I I T D - I r i s  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  v e r s u s  

e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

W h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s ,  a l l  c l a s s i f i e r s  a c h i e v e  a  1 0 0 %  D I R  b e l o w  3 0 %  F P I R ,  

a n d  t h u s ,  D I R  r e s u l t s  a t  0 %  F P I R  a n d  0 %  F N I R  a r e  g i v e n  i n  T a b l e  8 . 5 . F i s h e r  s c a l e s  t h e
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b e s t  a n d  a c h i e v e s  t h e  h i g h e s t  D I R .  L B P H  a c h i e v e s  t h e  l o w e s t  a c c u r a c y  f o r  t h i s  d a t a s e t  

r e g a r d l e s s  o f  t h e  n u m b e r  o f  t r a i n i n g  s a m p l e s .  S V M  a c h i e v e s  t h e  b e s t  r e s u l t s  a n d  i t  i s  

a p p a r e n t  t h a t  L B P H  d o e s  n o t  s c a l e  a s  w e l l  a s  t h e  o t h e r  c l a s s i f i e r s  w i t h  m o r e  t r a i n i n g  

s a m p l e s .

T a b l e  8 . 5 :  I I T D - I r i s  r e c o g n i t i o n  r a t e  a t  0 %  F P I R  a n d  0 %  F N I R  u s i n g  t h r e e  t r a i n i n g  

s a m p l e s .

C l a s s i f i e r D I R

3 - E i g e n L B P V L 9 7 . 8

3 - F i s h e r L B P V L 9 8 . 9

3 - L B P H L 9 6 . 2

3 - S V M L B P V L 9 7 . 1

U m e r  e t  a l.  ( 2 0 1 5 )  p r o v i d e  t e s t  r e s u l t s  f o r  t h e i r  i r i s  v e r i f i c a t i o n  s y s t e m  u s i n g  t h e  l e a v e -  

o n e - o u t  m e t h o d  ( 5 - f o l d  c r o s s  v a l i d a t i o n ) .  T h a t  i s ,  f o u r  t r a i n i n g  s a m p l e s  a r e  u s e d  w i t h  

o n l y  a  s i n g l e  t e s t  s a m p l e ,  p e r  2 2 4  s u b j e c t s .  T h i s  s y s t e m  i s  c o m p a r e d  w i t h  Z h o u  a n d  

K u m a r  ( 2 0 1 0 ) ’ s  s y s t e m ,  a l s o  u s i n g  t h e  l e a v e - o n e - o u t  m e t h o d .  U m e r  e t  a l .  s h o w  t h a t  t h e i r  

s y s t e m  a c h i e v e s  a  0 . 5 %  i m p r o v e m e n t  i n  G A R  o v e r  t h e  o r i g i n a l  H T  m e t h o d  b y  W i l d e s  

( 1 9 9 7 ) . T h e  r e s u l t s  f o r  t h e  t w o  s y s t e m s  d e v e l o p e d  b y  U m e r  e t  a l .  a n d  Z h o u  a n d  K u m a r  

s h o w  E E R s  o f  0 . 0 1 5 %  a n d  0 . 5 3 0 % ,  r e s p e c t i v e l y .  T h e  p r o p o s e d  S V M  a p p r o a c h ,  h o w e v e r ,  

a c h i e v e s  0 . 5 0 0 %  u s i n g  o n l y  a  s i n g l e  t r a i n i n g  s a m p l e  o n  f o u r  t e s t  s a m p l e s ,  a n d  a c h i e v e s  

p e r f e c t  a c c u r a c y  w h e n  u s i n g  m o r e  t h a n  o n e  t r a i n i n g  s a m p l e  o r  5 - f o l d  c r o s s  v a l i d a t i o n  ( s e e  

T a b l e  8 . 6 ) .

T a b l e  8 . 6 :  C o m p a r a t i v e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  a p p r o a c h  f o r  p a l m p r i n t  v e r i f i c a t i o n  

o n  t h e  I I T D - I r i s  d a t a s e t .

A p p r o a c h ( E E R  % )

1 - S V M L B P V L 0 . 5

2 - S V M L B P V L 0

Z h o u  a n d  K u m a r  ( 2 0 1 0 ) 0 . 0 1 5

U m e r  e t  a l.  ( 2 0 1 5 ) 0 . 5 3 0
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8.2.5 SDUMLA Iris Identification Performance

F o r  t h i s  d a t a s e t  a l l  c l a s s i f i e r s  p e r f o r m  s i m i l a r l y ,  h o w e v e r ,  L B P H  p e r f o r m s  b e t t e r  a t  l o w e r  

F P I R ,  w h i l e  E i g e n  a n d  F i s h e r  h a v e  t h e  e d g e  a t  h i g h e r  F P I R s .  T h e  r e s t  o f  t h e  o b s e r v a t i o n s  

c o r r e s p o n d  t o  t h e  f i n d i n g s  o n  t h e  I I T D - I r i s  d a t a s e t .

Classifier 0.1 0 .5 1 5 10 30 100
1 - E i g e n L B P V L 0 0 . 2 0 . 4 1 .2 1 .4 4 . 3 1 6 . 9

1 - F i s h e r L B P V L 0 0 . 2 0 . 4 0 . 9 1 .4 4 . 6 1 6 . 9

1 - L B P H L 0 0 0 . 7 1 .8 5 . 7 8 . 3 1 9 . 0

1 - S V M L B P V L 0 0 .1 0 . 4 2 . 2 1 .5 4 . 9 1 6 . 9

(b) FNIR values

Figure 8 .6 : O n e  S D U M L A  i r i s  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  v e r s u s  

e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

T h e  p r e v i o u s l y  o b s e r v e d  t r e n d  w h e r e  L B P H  s c a l e s  r e l a t i v e l y  p o o r l y  w i t h  m o r e  t r a i n i n g  

s a m p l e s  c o n t i n u e s  i n  F i g u r e s  8 . 6 b  a n d  8 . 7 b . H o w e v e r ,  i n  t h i s  e x p e r i m e n t  t h e  e f f e c t  i s  e v e n  

m o r e  p r o n o u n c e d  w h e n  t h i s  h a p p e n s .  T h e  r e s t  o f  t h e  c l a s s i f i e r s  p e r f o r m  s i m i l a r l y  w i t h  

F i s h e r ,  s c a l i n g  s l i g h t l y  b e t t e r ,  w h i c h  c o n c u r s  w i t h  t h e  f i n d i n g s  o n  t h e  I I T D - I r i s  d a t a s e t .

T h e  r e s u l t s  o f  V i s h i  a n d  Y a y i l g a n  ( 2 0 1 3 )  a r e  c o m p a r e d  w i t h  t h o s e  o f  t h e  p r o p o s e d  s y s t e m  

u s i n g  t h e  l e f t  i r i s  o f  t h e  f i r s t  1 0 0  i n d i v i d u a l s  a n d  f i v e  s a m p l e s .  V i s h i  a n d  Y a y i l g a n  d o  n o t
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5

FPIR (%)

(a) DIR vs. FPIR

C l a s s i f i e r 0 . 1 0 . 5 1 5 1 0 3 0 1 0 0

3 - E i g e n L B P V L 0 0 0 0 0 .1 0 . 9 3 . 5

3 - F i s h e r L B P V L 0 0 0 0 0 0 . 3 2 . 8

3 - L B P H L 0 0 0 0 . 5 0 . 4 1 .1 7 .1

3 - S V M L B P V L 0 0 0 0 0 1 .2 2 . 4

(b) FNIR values

F i g u r e  8 . 7 :  T h r e e  S D U M L A  i r i s  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  D I R  

v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( b )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

s t a t e  t h e  t r a i n i n g  a n d  t e s t  s a m p l e  r a t i o .  T h e  r e s u l t s  s h o w n  f o r  t h e  p r o p o s e d  S V M  s y s t e m  

w e r e  o b t a i n e d  w i t h  o n e  o r  t h r e e  t r a i n i n g  s a m p l e s ,  w i t h  t h e  r e s t  u s e d  a s  t e s t  s a m p l e s .  

T h e  p r o p o s e d  s y s t e m  i s  o u t p e r f o r m e d  b y  V i s h i  a n d  Y a y i l g a n ' s  s y s t e m  b y  a  m a r g i n  o f  

a p p r o x i m a t e l y  0 . 5 %  E E R ,  w h e n  u s i n g  a  s i n g l e  t r a i n i n g  s a m p l e .  H o w e v e r ,  t h e  p r o p o s e d  

s y s t e m  y i e l d s  b e t t e r  p e r f o r m a n c e ,  b y  a  s l i g h t l y  l a r g e r  m a r g i n ,  w h e n  u s i n g  t h r e e  t r a i n i n g  

s a m p l e s  a s  s h o w n  i n  T a b l e  8 . 7 .

T a b l e  8 . 7 :  C o m p a r a t i v e  p e r f o r m a n c e  o f  t h e  p r o p o s e d  a p p r o a c h  f o r  p a l m p r i n t  v e r i f i c a t i o n  

o n  t h e  S D U M L A - I r i s  d a t a s e t .

A p p r o a c h E E R  ( % )

1 - S V M L B P V L 3 . 8

3 - S V M L B P V L 1 .3

V i s h i  a n d  Y a y i l g a n  ( 2 0 1 3 ) 3 . 3
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8.2.6 Discussion of Iris Results

T h e  p r e v i o u s l y  i d e n t i f i e d  t r e n d  o f  E i g e n  a n d  S V M  p e r f o r m i n g  c o n s i s t e n t l y  w e l l  c o n t i n u e s  

f o r  i r i s  b i o m e t r i c  s y s t e m s ,  w i t h  t h e  e x c e p t i o n  o f  t h e  e x p e r i m e n t a t i o n  o n  t h e  C A S I A - I r i s -  

L a m p  d a t a s e t  u s i n g  o n e  t r a i n i n g  s a m p l e .  M o r e o v e r ,  L B P H  a p p e a r s  t o  p e r f o r m  r e l a t i v e l y  

w e l l  o n  n o n - i d e a l  d a t a ,  b u t  d o e s  n o t  i m p r o v e  s i g n i f i c a n t l y  w i t h  m o r e  t r a i n i n g  s a m p l e s .  

S V M  i s  t h e  b e s t  p e r f o r m e r  o n  a v e r a g e  a s  i t  p e r f o r m s  c o n s i s t e n t l y  w e l l  u n d e r  a l l  c o n d i t i o n s .  

T h e  r e s u l t s  o n  t h e  I I T D  a n d  S D U M L A  i r i s  d a t a s e t s  a r e  p r o m i s i n g  a s  t h e y  s h o w  t h a t  

i d e n t i f i c a t i o n  s y s t e m s  c a n  a c h i e v e  n e a r - p e r f e c t  a c c u r a c i e s  u s i n g  a n y  o f  t h e  f o u r  c l a s s i f i e r s .

C o n s i d e r i n g  t h e  r e s u l t s  o f  a l l  m o d a l i t i e s ,  S V M  a p p e a r s  t o  y i e l d  h i g h e r  F N I R  v a l u e s  t h a n  

t h e  o t h e r  c l a s s i f i e r s .  H o w e v e r ,  t h i s  c a n  b e  a t t r i b u t e d  t o  u s i n g  t h e  s a m e  p a r a m e t e r s  f o r  a l l  

m o d a l i t i e s  a n d  a l s o  d u e  t o  o m i t t i n g  t h e  S V M  k e r n e l s  s u c h  a s  t h e  r a d i a l  b a s i s  f u n c t i o n .  

T h e  f a c e  a n d  i r i s  d a t a s e t s  a c h i e v e d  b e t t e r  a c c u r a c i e s  w h e n  u s i n g  t h e  s e g m e n t e d  r e s o l u t i o n  

c o m p a r e d  w i t h  5 0  x  5 0 ,  w h i l e  f i n g e r p r i n t  a n d  p a l m p r i n t  p r e f e r r e d  l o w e r  r e s o l u t i o n  i m a g e s .  

E i g e n ,  F i s h e r  a n d  L B P H  p e r f o r m  w e l l  a t  h i g h e r  F P I R  v a l u e s ,  w h i c h  i s  g o o d  f o r  c l o s e d - s e t  

i d e n t i f i c a t i o n  s y s t e m s .  O n  t h e  o t h e r  h a n d ,  S V M  p e r f o r m e d  w e l l  o n  o p e n - s e t  i d e n t i f i c a t i o n ,  

w h i l e  p e r f o r m i n g  c o m p a r a b l y  t o  t h e  o t h e r  c l a s s i f i e r s  o n  c l o s e d - s e t  i d e n t i f i c a t i o n  s y s t e m s .

R e s u l t s  f r o m  L B P V L  a r e  s h o w n  i n  t h e  m a j o r i t y  o f  t h e  e x p e r i m e n t s  a s  t h i s  m e t h o d  

p r o d u c e d  s u p e r i o r  p e r f o r m a n c e  c o m p a r e d  w i t h  t h e  o t h e r  f e a t u r e  e x t r a c t i o n  m e t h o d s .  

W h e t h e r  t h i s  i s  a l s o  t h e  c a s e  f o r  t h e  f u s e d  d a t a s e t s  i n t r o d u c e d  i n  t h e  n e x t  c h a p t e r ,  r e m a i n s  

t o  b e  s e e n .

8.3 Summary

T h i s  c h a p t e r  d i s c u s s e d  t h e  i m p l e m e n t a t i o n  o f  a n  i r i s  r e c o g n i t i o n  s y s t e m .  T h e  i r i s  k e y -  

p o i n t s  w e r e  d e t e r m i n e d  u s i n g  a  n o v e l  H T - b a s e d  a p p r o a c h ,  w i t h  a d d i t i o n s  t h a t  i m p r o v e  

r o b u s t n e s s  a g a i n s t  o c c l u s i o n s  c a u s e d  b y  e y e  l a s h e s ,  s q u i n t i n g  a n d  o f f - c e n t r e  e y e  g a z i n g .  

C l a s s i f i e r  p a r a m e t e r s  w e r e  t u n e d  o n  t h e  C A S I A  i r i s  d a t a s e t .  T h e  b o t t o m  h a l f  o f  t h e  

i r i s  w a s  s h o w n  t o  a c h i e v e  b e t t e r  r e s u l t s  t h a n  u s i n g  t h e  w h o l e  i r i s ,  w h i c h  w a s  a t t r i b u t e d
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t o  p e r f o r m a n c e  d e g r a d a t i o n  d u e  t o  o c c l u s i o n s  s u c h  a s  u p p e r  e y e l i d s  a n d  e y e l a s h e s .  T h e  

b o t t o m - h a l f  i r i s  w a s  t h u s  u s e d  i n  t h e  e x p e r i m e n t s ,  w h i c h  c l a s s i f i e d  t h e  r e s u l t s  a f t e r  a p p l y 

i n g  t h e  s a m e  p o s t p r o c e s s i n g  t e c h n i q u e s  a s  t h e  s y s t e m s  i m p l e m e n t e d  f o r  t h e  o t h e r  t h r e e  

m o d a l i t i e s .  A l t h o u g h  t h e  5 0  x  5 0  r e s o l u t i o n  p r e v i o u s l y  u s e d  f o r  f i n g e r p r i n t ,  f a c e  a n d  

p a l m p r i n t ,  w a s  f o u n d  t o  b e  w i t h i n  o p t i m a l  r a n g e  w h e n  u s i n g  E i g e n ,  F i s h e r  a n d  S V M ,  

a n  a p p r o x i m a t e  4 %  a c c u r a c y  i m p r o v e m e n t  w a s  n o t e d  w h e n  u s i n g  t h e  n a t i v e  r e s o l u t i o n  o f  

i r i s  i m a g e s .  A  s i m i l a r  e f f e c t  w a s  n o t e d  f o r  t h e  f a c e  r e s u l t s .  L B P H  r e s u l t s  w e r e  o p t i m a l  

w h e n  u s i n g  t h r e e  n e i g h b o u r s ,  w h i c h  i s  s i g n i f i c a n t l y  f e w e r  t h a n  f o r  t h e  o t h e r  m o d a l i t i e s  

i n d i c a t i n g  t h a t  r e l e v a n t  f e a t u r e s  a r e  t i g h t l y  s p a c e d  i n  t h e  i r i s .

R e s u l t s  r e v e a l e d  t h a t  S V M  a n d  F i s h e r  s c a l e d  w e l l  w i t h  m o r e  t r a i n i n g  s a m p l e s  o n  d a t a s e t s  

c o n t a i n i n g  l o w  i n t r a - c l a s s  v a r i a t i o n s ,  w h e r e a s  E i g e n  s c a l e d  w e l l  r e g a r d l e s s .  S V M  a l s o  

o u t p e r f o r m e d  t h e  o t h e r  c l a s s i f i e r s  o n  a v e r a g e  a n d  a p p e a r e d  t o  p e r f o r m  w e l l  w i t h  t h e  

t i g h t l y  s p a c e d  f e a t u r e s  p r e s e n t  i n  b o t h  t h e  f a c e  a n d  i r i s .
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Chapter 9

Bimodal Feature Fusion and 

Recognition Results

T h i s  c h a p t e r  p r e s e n t s  t h e  r e s u l t s  o f  m u l t i m o d a l  b i o m e t r i c  s y s t e m s  c r e a t e d  f r o m  p a i r s  o f  

m o d a l i t i e s  c o m b i n e d  a t  t h e  f e a t u r e  l e v e l .  M o d a l i t i e s  a r e  c o m b i n e d  i n  t w o  d i f f e r e n t  w a y s  

a n d  a p p l i e d  t o  t h e  s a m e  d a t a s e t s  u s e d  i n  t h e  i n d i v i d u a l  b i o m e t r i c  m o d a l i t y  e x p e r i m e n t s .  

O p e n - s e t  i d e n t i f i c a t i o n  a c c u r a c y  i s  e v a l u a t e d  o n  t h e  f u s e d  b i m o d a l  c o m b i n a t i o n s .  A  d i s 

c u s s i o n  o f  t h e  r e s u l t s  c o n c l u d e s  t h e  c h a p t e r .

9.1 Multimodal Biometric Fusion at Feature Level

T w o  i m a g e - b a s e d  b i o m e t r i c  f e a t u r e - f u s i o n  m e t h o d s ,  n a m e l y  f e a t u r e  a v e r a g i n g  ( F A )  a n d  

f e a t u r e  c o n c a t e n a t i o n  ( F C )  a r e  u s e d  t o  i n v e s t i g a t e  f u s i o n  a t  t h e  f e a t u r e  l e v e l .  T o  i m 

p l e m e n t  t h i s  f u s i o n ,  e a c h  i m a g e  o f  a  m o d a l i t y  i s  r e p r e s e n t e d  a s  a  1 D  f e a t u r e  v e c t o r  b y  

o u t p u t t i n g  t h e  p i x e l  v a l u e s  t o  a  t e x t  f i l e  s i m i l a r  t o  t h e  m e t h o d  u s e d  i n  t h e  i n d i v i d u a l  

m o d a l i t y  e x p e r i m e n t s .  T h e  t w o  f e a t u r e  v e c t o r s  a r e  s u b s e q u e n t l y  c o m b i n e d  e i t h e r  b y  a v 

e r a g i n g  t h e i r  v a l u e s ,  w h i c h  l e a d s  t o  a  v e c t o r  o f  t h e  s a m e  s i z e ,  o r  c o n c a t e n a t i n g  t h e  s e c o n d  

f e a t u r e  v e c t o r  t o  t h e  e n d  o f  t h e  f i r s t  f e a t u r e  v e c t o r  t o  f o r m  a n  e x t e n d e d  v e c t o r .  I n  t h e  i m 

a g e  s p a c e ,  f e a t u r e  c o n c a t e n a t i o n  c o r r e s p o n d s  t o  a p p e n d i n g  t h e  s e c o n d  b i o m e t r i c  m o d a l i t y

163
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t o  t h e  t o p - r i g h t  c o o r d i n a t e  o f  t h e  f i r s t  b i o m e t r i c  m o d a l i t y .  F e a t u r e  f u s i o n  o n l y  t a k e s  p l a c e  

a f t e r  t h e  p o s t p r o c e s s i n g  s t e p  t h a t  o u t p u t s  f e a t u r e  v e c t o r s  i n  S e c t i o n  4 . 1 . 3 .  H o w e v e r ,  t o  

e m p h a s i z e  t h e  d i f f e r e n c e s  b e t w e e n  t h e  t w o  f u s i o n  m e t h o d s ,  t h e y  a r e  a p p l i e d  o n  i m a g e s  

w i t h o u t  e x t r a c t e d  f e a t u r e s  t o  “ v i s u a l i z e ”  h o w  f e a t u r e  v e c t o r  f u s i o n  w o r k s  s p e c i f i c a l l y  o n  

i m a g e - b a s e d  m o d a l i t i e s .

9.1.1 Feature Vector Averaging

S i n c e  t h e  r e s p e c t i v e  p i x e l  v a l u e s  i n  e a c h  o f  t h e  p a i r  o f  m o d a l i t i e s  a r e  a v e r a g e d ,  a s  s h o w n  i n  

F i g u r e  9 . 1 a , t h e  d i m e n s i o n a l i t y  o f  t h e  f e a t u r e  v e c t o r  d o e s  n o t  i n c r e a s e ,  b u t  i n s t e a d  m i x i n g  

o f  t h e  t e x t u r e  p a t t e r n  o c c u r s .  T h i s  d o e s  h o w e v e r ,  r e s u l t  i n  s o m e  l o s s  o f  i n f o r m a t i o n  f r o m  

e a c h  m o d a l i t y .  F u r t h e r m o r e ,  c o m b i n e d  t e x t u r e  p a t t e r n s  c a n  r e d u c e  t h e  b e n e f i t s  o f  t h i s  

t y p e  o f  f u s i o n  i n  s o m e  c a s e s .  F o r  e x a m p l e ,  w h e n  a  g r o u p  o f  p i x e l s  c o n s t i t u t i n g  a  u n i q u e  

t e x t u r e  p a t t e r n  i n  a  s i n g l e  m o d a l i t y  i s  a v e r a g e d  w i t h  a  t e x t u r e  p a t t e r n  o f  a n o t h e r  s i n g l e  

m o d a l i t y ,  a  n e w  b l e n d e d  t e x t u r e  p a t t e r n  i s  f o r m e d  t h a t  m a y  n o t  h a v e  a n y  u n i q u e n e s s  

a s p e c t .  T h i s  i s  a l s o  k n o w n  a s  p a r a l l e l  f u s i o n  ( Y a n g  e t  a l . , 2 0 0 3 ) .

9.1.2 Feature Vector Concatenation

T h i s  f u s i o n  m e t h o d  a p p e n d s  f e a t u r e s  o f  t h e  s e c o n d  m o d a l i t y  h o r i z o n t a l l y  t o  t h e  f i r s t  

m o d a l i t y ,  e f f e c t i v e l y  d o u b l i n g  t h e  d i m e n s i o n a l i t y  a s  s h o w n  i n  F i g u r e  9 . 1 b . N o  l o s s  o f  

i n f o r m a t i o n  i n  e i t h e r  m o d a l i t y  o c c u r s  a s  t h e  t e x t u r e  p a t t e r n s  o f  t h e  i n d i v i d u a l  f e a t u r e  

v e c t o r s  r e m a i n  u n c h a n g e d  a n d  a r e  c o m p l e m e n t a r y .  T h e  f i g u r e  s h o w s  t h e  t w o  s e g m e n t e d  

m o d a l i t i e s  b e f o r e  f e a t u r e  e x t r a c t i o n  f o r  v i s u a l  p u r p o s e s .  T h i s  i s  a l s o  k n o w n  a s  s e r i a l  

f u s i o n  ( Y a n g  e t  a l . , 2 0 0 3 ) .

9.2 Preliminary Experiments

P r e l i m i n a r y  e x p e r i m e n t s  w e r e  f i r s t  c o n d u c t e d  t o  c o m p a r e  t h e  p r o p o s e d  f u s i o n  a p p r o a c h  

w i t h  t h e  r e l a t e d  s t u d i e s  d i s c u s s e d  i n  S e c t i o n  3 . 5 . 5 . D u e  t o  t h e  l a c k  o f  s t u d i e s  c o n d u c t e d  o n
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(a) Fingerprint and face (b) Fingerprint and face fusion using feature vector
fusion using feature vector concatenation
averaging

F i g u r e  9 . 1 :  V i s u a l  r e p r e s e n t a t i o n  o f  t w o  f e a t u r e - f u s i o n  m e t h o d s .

d i s c l o s e d / p u b l i c l y  a v a i l a b l e  d a t a s e t s ,  o n l y  t h e  e x p e r i m e n t s  b y  Y a o  e t  a l .  ( 2 0 0 7 ) , A h m a d  

e t  a l .  ( 2 0 1 0 )  a n d  E s k a n d a r i  a n d  T o y g a r  ( 2 0 1 5 )  c o u l d  b e  r e p l i c a t e d .  H o w e v e r ,  p r o p o s e d  

s y s t e m s  u s i n g  E i g e n L B P V L ,  F i s h e r L B P V L ,  S V M L B P V L  a n d  L B P H L  f e a t u r e - c l a s s i f i e r  

c o m b i n a t i o n s  a l l  a c h i e v e d  p e r f e c t  a c c u r a c y  i n  t h e  r e p l i c a t e d  e x p e r i m e n t s ,  u s i n g  o n l y  a  

s i n g l e  t r a i n i n g  s a m p l e .  C o m p r e h e n s i v e  e x p e r i m e n t s  t o  f u r t h e r  a s s e s s  t h e  p r o p o s e d  f u s i o n  

a p p r o a c h  a r e  t h u s  c o n d u c t e d  o n  t h e  p u b l i c l y  a v a i l a b l e  d a t a s e t s  d i s c u s s e d  i n  S e c t i o n  9 . 3 .

9.3 Creation of Multimodal Biometric Datasets

D u e  t o  t h e  l i m i t e d  n u m b e r  o f  p u b l i c l y  a v a i l a b l e  m u l t i m o d a l  b i o m e t r i c  d a t a s e t s  c o n t a i n i n g  

t h e  f i n g e r p r i n t ,  f a c e ,  p a l m p r i n t  a n d  i r i s  m o d a l i t i e s ,  p s e u d o  m u l t i m o d a l  d a t a s e t s  w e r e  

c r e a t e d  f r o m  t h e  i n d i v i d u a l  d a t a s e t s  i n t r o d u c e d  i n  t h e  p r e v i o u s  f o u r  c h a p t e r s  f o r  u s e  i n  

b i m o d a l  f u s i o n  e x p e r i m e n t a t i o n .

T h e  F V C 2 0 0 4  f i n g e r p r i n t ,  F e i  f a c e ,  C A S I A - P a l m p r i n t  a n d  C A S I A - I r i s - L a m p  d a t a s e t s  

w e r e  f u s e d  i n  a l l  p o s s i b l e  s i x  u n o r d e r e d  c o m b i n a t i o n s  u s i n g  e i g h t  s a m p l e s  p e r  i n d i v i d u -  

a l / c l a s s .  S i n c e  t h e  F V C 2 0 0 4  d a t a s e t  c o n t a i n s  a b o u t  1 0 0  u n i q u e  f i n g e r p r i n t s ,  t h e  d a t a s e t s  

o f  t h e  o t h e r  t h r e e  m o d a l i t i e s  w e r e  l i m i t e d  t o  1 0 0  -  c o m p r i s i n g  5 0  i n d i v i d u a l s  a n d  5 0  i m 

p o s t o r s .  T h e  o r d e r  o f  c l a s s e s  a n d  s a m p l e s  p e r  c l a s s  w e r e  u n c h a n g e d  f r o m  t h e  d e s c r i p t i o n  

i n  S e c t i o n  4 . 2  w i t h  t h e  e x c e p t i o n  o f  t h e  F e i  f a c e  d a t a s e t ,  i n  w h i c h  t h e  n u m b e r  o f  m a l e s
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a n d  f e m a l e s  w a s  h a l v e d  t o  k e e p  t h e  g e n d e r  r a t i o  5 0 : 5 0 .  T h i s  p s e u d o  m u l t i m o d a l  d a t a s e t  

i s  r e f e r r e d  t o  a s  D a t a s e t  A .

A  p s e u d o  m u l t i m o d a l  d a t a s e t  w i t h  a  c o m b i n a t i o n  o f  t h e  l a r g e s t  n u m b e r  o f  c l a s s e s  w a s  

c r e a t e d  f r o m  t h e  M C Y T  f i n g e r p r i n t ,  F e i  f a c e ,  C A S I A - P a l m p r i n t  a n d  C A S I A - I r i s - L a m p  

d a t a s e t s ,  w i t h  s i x  b i m o d a l  c o m b i n a t i o n s  o f  t h e  f i n g e r p r i n t ,  f a c e ,  p a l m p r i n t  a n d  i r i s  f o r  

e a c h  c l a s s .  T h i s  i s  t h e  l a r g e s t  c o m b i n a t i o n  p o s s i b l e  t h a t  a l l o w s  f o r  e v e n  d i s t r i b u t i o n  a n d  

i s  r e f e r r e d  t o  a s  D a t a s e t  B .  T h e  f i r s t  2 0 0  c l a s s e s  ( l i m i t e d  b y  F e i )  a r e  i n c l u d e d  w i t h  e i g h t  

s a m p l e s  ( l i m i t e d  b y  C A S I A - P a l m p r i n t )  e a c h .

D a t a s e t s  w i t h  m o r e  t h a n  1 0 0 0  c l a s s e s  a r e  o f t e n  l i m i t e d  t o  o n l y  o n e  o r  t w o  s a m p l e s ,  s u c h  

a s  F E R E T  a n d  t h e  “ l a b e l l e d  i n  t h e  w i l d ”  t y p e ,  a s  t h e s e  a r e  m o r e  s p e c i f i c  t o  v e r i f i c a t i o n  

o r  d e t e c t i o n .  C r e a t i n g  l a r g e r  d a t a s e t s  i s  p o s s i b l e  b y  c o m b i n i n g  m u l t i p l e  d a t a s e t s ,  b u t  t h i s  

t y p i c a l l y  r e s u l t s  i n  a n  u n r e a l i s t i c  c l a s s  d i s t r i b u t i o n  d u e  t o  d i f f e r e n c e s  i n  t h e  a c q u i s i t i o n  

m e t h o d s ,  s u c h  a s  d i f f e r i n g  f a c e  a n g l e s  a n d  c a m e r a  s e n s o r s .  S t a c k i n g  d a t a s e t s  o f  i n d i v i d u a l  

m o d a l i t i e s  i s  t h u s  n o t  p e r f o r m e d .  T h e  o p e n - s e t  i d e n t i f i c a t i o n  a c c u r a c y  o f  b i m o d a l  c o m 

b i n a t i o n s  o f  t h e  f o l l o w i n g  p s e u d o  m u l t i m o d a l  d a t a s e t s  a r e  s i m i l a r l y  e v a l u a t e d  u s i n g  t h e  

l a r g e s t  n u m b e r  o f  c l a s s e s  a n d  s a m p l e s  c o m m o n  t o  a l l  m o d a l i t i e s :

•  D a t a s e t  C  -  F V C 2 0 0 4  f i n g e r p r i n t ,  F e i  f a c e ,  I I T D - P a l m p r i n t  a n d  C A S I A - I r i s - L a m p  

d a t a s e t s  -  1 0 0  c l a s s e s  w i t h  s i x  s a m p l e s  e a c h .

•  D a t a s e t  D  -  F V C 2 0 0 4  f i n g e r p r i n t ,  F e i  f a c e ,  C A S I A - P a l m p r i n t  a n d  I I T D - I r i s  d a t a s e t s  

-  1 0 0  c l a s s e s  w i t h  f i v e  s a m p l e s  e a c h .

•  D a t a s e t  E  -  F V C 2 0 0 4  f i n g e r p r i n t ,  P U T  f a c e ,  C A S I A - P a l m p r i n t  a n d  C A S I A - I r i s -  

L a m p  d a t a s e t s  -  1 0 0  c l a s s e s  w i t h  e i g h t  s a m p l e s ,  w i t h  i m a g e s  f r o m  P U T  f a c e  i n c l u d 

i n g  o n l y  l e f t  a n d  r i g h t  a n g l e s  a t  6 0 ° ,  4 5 ° ,  3 0 °  a n d  0 ° .

A n y  d u p l i c a t e  c o m b i n a t i o n s  r e s u l t i n g  f r o m  t h e  c r e a t i o n  o f  t h e s e  d a t a s e t s  a r e  o n l y  d i s c u s s e d  

i f  t h e  n u m b e r  o f  c l a s s e s  d i f f e r .  F u r t h e r m o r e ,  t h e  r e s u l t s  o f  t h e  d u p l i c a t e s  a r e  n o t  d e t a i l e d ,  

b u t  t h e  o b s e r v e d  e f f e c t  o f  d i f f e r e n t  c l a s s  s i z e s  i s  c o m m e n t e d  o n .
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C o m p a r i s o n  o f  t h e  o p e n - s e t  i d e n t i f i c a t i o n  a c c u r a c y  o n  a l l  d a t a s e t s  i s  s h o w n  b y  R O C  

c u r v e s  f o r  F A  a n d  F C ,  i n  a  s i d e - b y - s i d e  m a n n e r ,  i n  s u b s e q u e n t  s e c t i o n s  f o r  e a c h  b i m o d a l  

c o m b i n a t i o n .

9.4 Fingerprint and Face Feature-Fusion Results

I n  t h i s  a n d  s u b s e q u e n t  r e s u l t  s e c t i o n s ,  t h e  o p t i m a l  r e s o l u t i o n  f o r  f u s i o n  i s  d e t e r m i n e d  

p e r  b i m o d a l  c o m b i n a t i o n .  H o w e v e r ,  f u s i o n  r e s u l t s  o n l y  f o r  t h e  o p t i m a l  r e s o l u t i o n s  a r e  

i l l u s t r a t e d  a s  w a s  t h e  c a s e  w i t h  t h e  f o u r  i n d i v i d u a l  m o d a l i t i e s  d i s c u s s e d  i n  C h a p t e r s  5  

t o  8 . F u r t h e r m o r e ,  p a r a m e t e r s  o r  i m a g e  r e s o l u t i o n s  t h a t  a g r e e  w i t h  o r  d i f f e r  f r o m  t h o s e  

r e c o r d e d  i n  t h e  i n d i v i d u a l  m o d a l i t i e s  a r e  n o t e d .

9.4.1 Dataset A: Fusing FVC2004 Fingerprint and Fei Face

F o r  t h i s  d a t a s e t ,  E i g e n ,  F i s h e r  a n d  S V M  a c h i e v e d  t h e i r  b e s t  r e s u l t s  u s i n g  i m a g e  r e s o l u t i o n s  

b e t w e e n  5 0  x  5 0  a n d  1 0 0  x  1 0 0 .  T h e  o p t i m a l  r e s o l u t i o n  f o r  b o t h  F A  a n d  F C  w a s  5 0  x  5 0  

-  t h e  s a m e  r e s o l u t i o n  u s e d  i n  t h e  s i n g l e  m o d a l i t y  e x p e r i m e n t s .

T h e  o p t i m a l  L B P H  p a r a m e t e r s  w h e n  u s i n g  F C  w e r e  e s t a b l i s h e d  a s  a  1 2 - p i x e l  r a d i u s  

a n d  s i x  n e i g h b o u r s .  T h e  c o r r e s p o n d i n g  o p t i m a l  i m a g e  r e s o l u t i o n  w a s  1 5 0  x  1 5 0  -  o f t e n  

t h e  c l o s e s t  t o  t h e  s e g m e n t e d  r e s o l u t i o n  o f  d a t a s e t s  u s e d  i n  t h e  i n d i v i d u a l  e x p e r i m e n t s .  

U n e x p e c t e d l y ,  F A  y i e l d e d  i t s  b e s t  r e s u l t s  a l s o  w i t h  a  1 2 - p i x e l  r a d i u s  a n d  s i x  n e i g h b o u r s .  

T h e  r e s u l t s  w e r e ,  o n  a v e r a g e ,  m a r k e d l y  b e t t e r  w h e n  u s i n g  t h e  n e w  p a r a m e t e r s  i n s t e a d  o f  

t h e  e s t a b l i s h e d  o p t i m a l  p a r a m e t e r s  o b t a i n e d  i n  t h e  s i n g l e  m o d a l i t y  f i n g e r p r i n t  a n d  f a c e  

e x p e r i m e n t s  b y  1 6 %  a n d  1 8 % ,  r e s p e c t i v e l y .  O f  n o t e ,  t h e  s i n g l e  m o d a l i t i e s  w e r e  r e t e s t e d  

w i t h  a  1 2 - p i x e l  r a d i u s  a n d  s i x  n e i g h b o u r s  b u t  a c h i e v e d  p o o r  p e r f o r m a n c e .

T h e  g r a p h s  i n  F i g u r e s  9 . 2 a  a n d  9 . 2 b  d e p i c t  t h e  e v a l u a t i o n  o f  F A  a n d  F C  f u s i o n  m e t h o d s ,  

r e s p e c t i v e l y  w h e n  u s i n g  o n e  t r a i n i n g  s a m p l e  o n  D a t a s e t  A .  S V M  a c h i e v e s  t h e  b e s t  a v e r 

a g e  p e r f o r m a n c e  f o r  b o t h  f u s i o n  m e t h o d s  a n d  b y  a  d i s t i n c t  m a r g i n  w h e n  F P I R  <  5 % .
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E i g e n  a c h i e v e s  t h e  h i g h e s t  D I R  w h e n  d i s r e g a r d i n g  F P I R  -  a s  w a s  t h e  c a s e  i n  t h e  F e i  

f a c e  e x p e r i m e n t  i n  S e c t i o n  6 . 3 . 3  -  n a r r o w l y  o u t p e r f o r m i n g  S V M  i n  t h i s  r e g a r d  ( r e f e r  t o  

F i g u r e s  9 . 2 c  a n d  9 . 2 d  f o r  a c t u a l  v a l u e s ) .  O n  a v e r a g e ,  E i g e n  a n d  F i s h e r  a c h i e v e  t h e  h i g h e s t  

F P I R  f o r  F C ,  w h i l e  L B P H  d o e s  s o  f o r  F A .  A l l  f o u r  c l a s s i f i e r s  a c h i e v e  t h e i r  b e s t  a c c u r a c i e s  

u s i n g  F C .

C lassifier 0 .1 0 .5 1 5 10 30 100 C lassifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 0.6 1.5 2.3 8.0 1 -E ig e n L B P V L 0 0 0 0 0 0 .4 6.2

1 - F is h e r L B P V L 0 0 0 0.6 1.5 2.6 8.3 1 - F is h e r L B P V L 0 0 1 0.5 1.2 0 .4 6 .5
1 - L B P H L 0 0 0 1.0 1.0 2.0 9.5 1 - L B P H L 0.5 0.5 0.5 0.5 0.5 1.5 6 .9

1 - S V M L B P V L 0 0 0.1 1.4 2.1 2.9 8.3 1 - S V M L B P V L 0 0 0.2 1.3 1.9 2.7 6 .3

(c) FA FNIR values (d ) FC FNIR values

F i g u r e  9 . 2 :  O n e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  F e i  f a c e  t r a i n i n g  s a m p l e ,  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

T h e  r e s u l t s  f o r  t h r e e  t r a i n i n g  s a m p l e s  i l l u s t r a t e d  i n  F i g u r e  9 . 3 a  a n d  9 . 3 b  s h o w  a  s i m i l a r  

t r e n d  a n d  a c c u r a c y  o f  t h e  c l a s s i f i e r s .  F C  a c h i e v e s  p e r f e c t  D I R  v a l u e s  f o r  a l l  c l a s s i f i e r s  a n d ,  

o n  a v e r a g e ,  a p p r o x i m a t e l y  3 %  b e t t e r  a c c u r a c y  t h a n  F A .  S i n c e  p a r t  o f  t h e  f e a t u r e  c o n 

c a t e n a t e d  v e c t o r  c o m e s  f r o m  t h e  F V C 2 0 0 4  f i n g e r p r i n t  d a t a s e t ,  F i s h e r  a c h i e v e s  t h e  w o r s t  

s c a l i n g  w i t h  t h r e e  t r a i n i n g  s a m p l e s  a s  e x p e c t e d  ( s e e  F i g u r e  5 . 1 4 b ) . O n  t h e  o t h e r  h a n d ,  

F i s h e r  a c h i e v e s  b e t t e r  D I R  v a l u e s  w h e n  F P I R  <  5 %  w i t h  t h e  F A  m e t h o d ,  s i n c e  t h e  t o t a l
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v a r i a n c e  i n c r e a s e s ,  t h e r e b y  p o s i t i v e l y  a f f e c t i n g  i n t e r - c l a s s  d a t a  s e p a r a t i o n .  F u r t h e r m o r e ,  

w h e n  u s i n g  F A ,  F i s h e r  o u t p e r f o r m s  E i g e n  a n d  S V M  i n  b o t h  D I R  a n d  F N I R ,  w h i l e  L B P H  

a c h i e v e s  t h e  b e s t  a c c u r a c y .  H o w e v e r ,  t h i s  i s  r e v e r s e d  i n  t h e  F C  r e s u l t s  s h o w n  i n  F i g 

u r e  9 . 3 b , w h e r e  E i g e n  a n d  S V M  y i e l d  t h e  b e s t  o v e r a l l  a c c u r a c i e s .  B o t h  f u s i o n  m e t h o d s ,  

a s  w e l l  a s  a l l  c l a s s i f i e r  m e t h o d s  y i e l d  s i m i l a r  r e s u l t s  w i t h  n o  o u t s t a n d i n g  p e r f o r m e r .

C la ssifie r 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L B P V L 0 0 0 0 0 1.1 3 .8

3 - F is h e r L B P V L 0 0 0 0 0 0 3 .0

3 - L B P H L 0 0 0 0 0 0 2 .0

3 - S V M L B P V L 0 0 0 0 0 0 2 .7

(c) FA FNIR values

C la ssifie r 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L B P V L 0 0 0 0 0 0 0

3 - F is h e r L B P V L 0 0 0 0 0 0 0

3 - L B P H L 0 0 0 0 0 0 0

3 - S V M L B P V L 0 0 0 0 0 0 0

(d) FC FNIR values

F i g u r e  9 . 3 :  T h r e e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  F e i  f a c e  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

9.4.2 Dataset B: Fusing M CYT Fingerprint and Fei Face

E i g e n ,  F i s h e r  a n d  S V M  a c h i e v e d  t h e i r  b e s t  ( a n d  s i m i l a r )  r e s u l t s  a t  a  5 0  x  5 0  r e s o l u t i o n  f o r  

b o t h  F A  a n d  F C .  A t  1 5 0  x  1 5 0 ,  t h e  D I R  o f  F A  a n d  F C  d r o p s  o n  a v e r a g e  b y  3 %  a n d  8 % ,
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r e s p e c t i v e l y .  T h e  o p t i m a l  L B P H  p a r a m e t e r s  r e m a i n  a  1 2 - p i x e l  r a d i u s  w i t h  s i x  n e i g h b o u r s  

f o r  b o t h  F A  a n d  F C .

L B P H  a c h i e v e s  s i m i l a r  a c c u r a c i e s  f o r  F A  a n d  F C ,  w h e r e  F C  o n l y  s l i g h t l y  o u t p e r f o r m s  

F A  w h e n  F P I R  <  1 % .  W h e r e a s  S V M  o u t p e r f o r m s  L B P H  f o r  D a t a s e t  A  w h e n  u s i n g  o n e  

t r a i n i n g  s a m p l e ,  L B P H  i s  t h e  b e s t  p e r f o r m e r  i n  a l l  t e s t s  o n  t h i s  d a t a s e t .  U s i n g  F C ,  a l l  

f o u r  c l a s s i f i e r s  a c h i e v e  t h e i r  b e s t  a c c u r a c i e s ,  w h i c h  a r e  s i m i l a r  i n  m a g n i t u d e  a n d  t r e n d  

p a t t e r n  f o r  a l l  t h e  D I R  a n d  F N I R  v a l u e s  s h o w n  i n  t h e  g r a p h s  a n d  t a b l e s  i n  F i g u r e  9 . 4 .
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Classifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 0.3 0 .4 0 .7 1.1

1 - F is h e r L B P V L 0 0 0 0 .4 0 .4 0 .7 1.4

1 - L B P H L 0 0 0 0 0 0 0.1

1 - S V M L B P V L 0 0 0 0.5 1.1 1.4 2 .9

(c) FA FNIR values

Classifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0.1 0.1 0 .3 0 .4 0 .9

1 - F is h e r L B P V L 0 0 0.1 0 .3 0 .3 0 .6 0 .7

1 - L B P H L 0 0 0 0 0 0 0.1

1 - S V M L B P V L 0 0 0 0 0.1 0 .5 0 .7

(d) FC FNIR values

Figure 9 .4 : O n e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  F e i  f a c e  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

F o r  F C ,  E i g e n  a n d  F i s h e r  a c h i e v e  a  p e r f e c t  D I R  w h e n  F P I R  <  5 % ,  w h i l e  S V M  a n d  L B P H  

a c h i e v e  a  p e r f e c t  D I R  w h e n  F P I R  =  0 % .  L B P H  a l s o  a c h i e v e s  a  p e r f e c t  D I R  w h e n  F P I R  

=  0 %  f o r  F A ,  w h i l e  E i g e n  d o e s  s o  w h e n  F P I R  =  0 % .  F i s h e r  a n d  S V M  p e r f o r m  p o o r l y
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w h e n  u s i n g  F A  a n d  b o t h  a c h i e v e  a  m a x i m u m  D I R  o f  9 9 . 8 %  w h e n  F P I R  =  1 0 0 % .  T a b l e  9 .1  

s h o w s  t h e  D I R  f o r  e a c h  c l a s s i f i e r  a t  F P I R  =  0 % ,  w i t h  S V M  a n d  L B P H  p e r f o r m i n g  t h e  

b e s t .

T a b l e  9 . 1 :  R e s u l t s  o n  f i n g e r p r i n t - f a c e  f u s i o n  a t  0 %  F P I R  a n d  0 %  F N I R  w i t h  t h r e e  

t r a i n i n g  s a m p l e s  o n  D a t a s e t  B .

C l a s s i f i e r F A F C

3 - E i g e n L B P V L 9 7 . 0 9 8 . 4

3 - F i s h e r L B P V L 9 6 . 0 9 5 . 8

3 - L B P H L 1 0 0 1 0 0

3 - S V M L B P V L 9 6 . 0 1 0 0

9.4.3 Dataset E: Fusing FVC2004 Fingerprint and PUT Face

M o s t  r e s u l t s  f o r  D a t a s e t  E  a r e  o m i t t e d ,  a s  a l l  b i m o d a l  c o m b i n a t i o n s  i n v o l v i n g  t h e  P U T  

d a t a s e t ,  e x c e p t  w h e n  c o m b i n e d  w i t h  F V C 2 0 0 4 ,  a c h i e v e d  a  p e r f e c t  a c c u r a c y  a t  F P I R  =  0 %  

w h e n  t r a i n e d  u s i n g  t h e  l e f t  p o s e  3 0 ° .

I t  i s  w o r t h  n o t i n g  t h a t  s i m i l a r  t o  t h e  r e s u l t s  o n  P U T  r e p o r t e d  i n  C h a p t e r  6 , b o t h  F A  a n d  

F C  m e t h o d s  a c h i e v e  p e r f e c t  a c c u r a c y  f o r  a l l  c l a s s i f i e r s  e x c e p t  L B P H .  H o w e v e r ,  L B P H  

y i e l d s  a  n e a r - p e r f e c t  a c c u r a c y  o f  9 9 . 7 %  a n d  9 7 . 1 %  f o r  F C  a n d  F A ,  r e s p e c t i v e l y .  T h e  

b e s t  r e s u l t s  w e r e  a c h i e v e d  u s i n g  t h e  s a m e  o p t i m a l  r e s o l u t i o n  a s  r e p o r t e d  f o r  P U T  i n  

S e c t i o n  6 . 3 . 4 , t h a t  i s ,  1 5 0  x  1 5 0 .

T h e  r e s u l t s  w h e n  u s i n g  D a t a s e t  E  a r e  s h o w n  a t  F P I R  =  0 %  i n  T a b l e  9 . 2 . L B P H  p e r f o r m s  

r e l a t i v e l y  p o o r l y  c o m p a r e d  w i t h  a l l  o t h e r  c o m b i n a t i o n s  o f  m e t h o d s .  F o r  E i g e n  a n d  F i s h e r ,  

F C  p e r f o r m s  p o o r l y  w h e n  u s i n g  t h e  L B P V L ,  w h i l e  F A  p e r f o r m s  o n l y  s l i g h t l y  b e t t e r .  O n  

t h e  o t h e r  h a n d ,  F C  p e r f o r m s  s i m i l a r l y  o r  b e t t e r  t h a n  F A  w h e n  u s i n g  H E L .  F i n a l l y ,  S V M  

c l e a r l y  f a v o u r s  F C  f o r  b o t h  L B P V L  a n d  H E L .  S i n g l e  m o d a l i t y  e x p e r i m e n t s  s h o w e d  t h a t  

H E L  a n d  L B P V L  p e r f o r m  s i m i l a r l y  f o r  b o t h  t h e  F V C 2 0 0 4  a n d  P U T  d a t a s e t s .  H o w 

e v e r ,  t h i s  w a s  t e s t e d  f o r  F V C 2 0 0 4  a t  5 0  x  5 0 .  R e t e s t i n g  a t  1 5 0  x  1 5 0  r e v e a l s  t h a t  H E L  

o u t p e r f o r m s  L B P V L  o n  t h e  F V C 2 0 0 4 ,  t h e r e b y  c o r r o b o r a t i n g  t h e  f u s i o n  r e s u l t .  O f  n o t e ,  

L B P L  p e r f o r m e d  r e l a t i v e l y  p o o r l y  w h e n  u s i n g  e i t h e r  F A  o r  F C .  M o r e o v e r ,  t h i s  i s  t h e  f i r s t
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b i m o d a l  c o m b i n a t i o n  t h a t  r e s u l t s  i n  d i m i n i s h e d  p e r f o r m a n c e  o v e r  t h e  b e t t e r  p e r f o r m i n g  

c o m p o n e n t  m o d a l i t y ,  n a m e l y ,  t h e  f a c e ,  a n d  i s  t h u s  a  s p e c i a l  c a s e .  T h e  w o r s t  p e r f o r m e r ,  

L B P H ,  a l s o  h a d  t h e  l a r g e s t  d i f f e r e n c e  i n  p e r f o r m a n c e  b e t w e e n  t h e  s i n g l e  m o d a l i t y  e x p e r 

i m e n t s  o n  P U T  a n d  t h e  f u s e d  r e s u l t s .  A l l  c l a s s i f i e r s  a c h i e v e  p e r f e c t  a c c u r a c y  w h e n  u s i n g  

t h r e e  t r a i n i n g  s a m p l e s  f o r  b o t h  F A  a n d  F C  m e t h o d s  i n c l u d i n g  t h e  u s e  o f  e i t h e r  L B P V L  

o r  H E L  b u t  n o t  L B P L .

T a b l e  9 . 2 :  C o m p a r i s o n  o f  F A  a n d  F C ,  u s i n g  L B P V L  o r  H E L  o n  D a t a s e t  E .

C l a s s i f i e r F A

L B P V L

F C

L B P V L

F A

H E L

F C

H E L

1 - E i g e n 9 6 . 6 9 5 . 1 9 9 . 7 9 9 . 7

1 - F i s h e r 9 7 . 1 9 5 . 4 9 9 . 1 9 9 . 4

1 - L B P H L  ( n o t  u s i n g  L B P V L ) 9 1 . 7 9 4 . 8 - -

1 - S V M 8 5 . 1 9 8 . 0 9 3 . 1 9 9 . 7

T h e  f u s e d  d a t a s e t s  t e n d  t o  y i e l d  b e t t e r  r e s u l t s  f o r  t h e  s a m e  c l a s s i f i e r  t h a t  y i e l d e d  t h e  b e s t  

r e s u l t s  i n  t h e  t e s t s  o n  t h e  i n d i v i d u a l  c o m p o n e n t  m o d a l i t i e s .  I n  t h e  c a s e  o f  D a t a s e t  A ,  t h i s  

i s  S V M  a n d  L B P H  o n  F e i  f a c e  a n d  F V C 2 0 0 4  f i n g e r p r i n t ,  f o r  D a t a s e t  B ,  L B P H  i s  o p t i m a l  

o n  M C Y T  f i n g e r p r i n t ,  a n d  f o r  D a t a s e t  E ,  a l l  c l a s s i f i e r s  e x c e p t  L B P H  a r e  o p t i m a l  o n  P U T  

f a c e .

9.5 Fingerprint and Palmprint Feature-Fusion Re

sults

9.5.1 Dataset A: Fusing FVC2004 Fingerprint and CASIA-Palm- 

print

F o r  t h i s  d a t a s e t ,  t h e  o p t i m a l  i m a g e  r e s o l u t i o n ,  p e r  s i n g l e  m o d a l i t y ,  f o r  E i g e n ,  F i s h e r  a n d  

S V M  w a s  f o u n d  t o  b e  5 0  x  5 0 .  T h i s  i s  a n  e x p e c t e d  o u t c o m e ,  a s  F V C 2 0 0 4  a n d  C A S I A -  

P a l m p r i n t  p e r f o r m e d  o p t i m a l l y  a t  t h a t  r e s o l u t i o n  i n  t h e  s i n g l e  m o d a l i t y  e x p e r i m e n t s .  A  

6 5  x  6 5  r e s o l u t i o n  p r o d u c e d  s i m i l a r  a c c u r a c i e s  t o  5 0  x  5 0 ,  a l t h o u g h  L B P H  p r e f e r r e d  a  

1 5 0  x  1 5 0  i m a g e  r e s o l u t i o n  p e r  f e a t u r e  v e c t o r .
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C o m p a r a t i v e  r e s u l t s  f o r  t h e  F A  a n d  F C  m e t h o d s  o n  t h e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  

C A S I A - P a l m p r i n t  d a t a s e t  a r e  s h o w n  i n  F i g u r e  9 . 5 a  a n d  9 . 5 b , r e s p e c t i v e l y .  S V M  o n c e  

a g a i n  a c h i e v e s  t h e  b e s t  a v e r a g e  ( F P I R )  p e r f o r m a n c e  f o r  b o t h  f u s i o n  m e t h o d s  w h e n  u s i n g  

o n e  t r a i n i n g  s a m p l e .  E i g e n  a n d  S V M  a c h i e v e  t h e  h i g h e s t  D I R  v a l u e s  f o r  F A  a n d  F C ,  

r e s p e c t i v e l y .  O n  a v e r a g e ,  E i g e n  a n d  F i s h e r  a c h i e v e  t h e  w o r s t  D I R  w h e n  F P I R  <  5 %  f o r  

F C ,  w h i l e  L B P H  d o e s  s o  f o r  F A .  A l l  f o u r  c l a s s i f i e r s  a c h i e v e  t h e i r  b e s t  a c c u r a c i e s  w h e n  

u s i n g  F C .

Classifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 0 0 .3 0.9 5 .7

1 - F is h e r L B P V L 0 0 0 0 0 .3 0.9 6 .3

1 - L B P H L 0 0 0 0 .6 0 .6 1.4 10.9

1 - S V M L B P V L 0 0 0 0 .3 0 .3 1.4 8 .7

(c) FA FNIR values

Classifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 0 .3 0.3 0 .6 4 .6

1 - F is h e r L B P V L 0 0 0 0 0 .6 0 .6 5.1

1 - L B P H L 0 0 0 .5 0 0 1.1 6 .9

1 - S V M L B P V L 0 0 0 0 0 0 .7 3 .7

(d) FC FNIR values

F i g u r e  9 . 5 :  O n e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

W h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s  t h e  a c c u r a c y  a d v a n t a g e  o f  F C  i s  c l e a r l y  o b s e r v e d  f o r  

a l l  c l a s s i f i e r s ,  r e s u l t i n g  i n  s i m i l a r  a c c u r a c i e s  a n d  t r e n d  p a t t e r n s .  F u r t h e r m o r e ,  S V M  is  

t h e  w o r s t  p e r f o r m e r  w h e n  u s i n g  F A  b u t  y i e l d s  t h e  b e s t  a v e r a g e  a c c u r a c y  w h e n  u s i n g  F C ,  

a l b e i t  b y  a  n a r r o w  m a r g i n .  F i s h e r  p e r f o r m a n c e  d r o p s  n o t i c e a b l y  w h e n  F P I R  <  1 % .  T h e
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l a r g e  r e d u c t i o n  i n  E i g e n ’ s  p e r f o r m a n c e  w h e n  F P I R  <  1 %  w a s  f u r t h e r  i n v e s t i g a t e d  a n d  

i m p r o v e d  t o  b e  s i m i l a r  t o  F i s h e r  b y  s i m p l y  r e d u c i n g  t h e  n u m b e r  o f  p r i n c i p a l  c o m p o n e n t s  

t o  1 0 0 .  U s i n g  2 0 0  p r i n c i p a l  c o m p o n e n t s  d e t e r m i n e d  i n  S e c t i o n  5 . 3 . 2  p r o v e d  t o  b e  o p t i m a l  

u p  t i l l  t h i s  p o i n t .  T h e  r e a s o n  f o r  t h e  p e r f o r m a n c e  l o s s  i s  a  r e t a i n e d  p r i n c i p a l  c o m p o n e n t ,  

w h i c h  F i s h e r  r e m o v e s  b y  p e r f o r m i n g  e x t r a  c l a s s - s p e c i f i c  d i m e n s i o n a l i t y  r e d u c t i o n .  U s i n g  

d i f f e r e n t  r e s o l u t i o n s  d i d  n o t  i m p r o v e  t h e  r e s u l t ,  a n d  h e n c e  t h e  o p t i m a l  n u m b e r  o f  p r i n c i p a l  

c o m p o n e n t s  r e m a i n s  t o  b e  v e r i f i e d  i n  f u t u r e  w o r k .

100 100

90 9 0

8 0

7 0  - 70

6 0 60

5 0  - 5 0  -

E ig en L B P V L E ig e n L B P V L

F ish erL B P V L F ish erL B P V L40 4 0  -
LB P H L L B P H L

S V M L B P V L S V M L B P V L

100 1001 5  10  3 0

F P IR  (°/c

( a )  DIR vs. FPIR using FA

1 5 10  3 0

F P IR  (%;

(b) DIR vs. FPIR using FC

C la ssifie r 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L B P V L 0 0 0 0 0 .4 0 .4 0 .8

3 - F is h e r L B P V L 0 0 0 0 0 0 .4 1 .6

3 - L B P H L 0 0 0 0 0 0 0 .6

3 - S V M L B P V L 0 0 0 0 0 0 .8 1 .2

(c) FA FNIR values

C la ssifie r 0 .1 0 .5 1 5 1 0 3 0 1 0 0
3 - E ig e n L B P V L 0 0 0 0 0 0 0 .4

3 - F is h e r L B P V L 0 0 0 0 0 0 0 .6

3 - L B P H L 0 0 0 0 0 0 0 .6

3 - S V M L B P V L 0 0 0 0 0 0 0 .4

(d) FC FNIR values

Figure 9 .6 : T h r e e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e s  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .
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9.5.2 Dataset B: Fusing M CYT Fingerprint and CASIA-Palm- 

print

A c c u r a c y  r e s u l t s  f o r  D a t a s e t  B  a r e  n o t i c e a b l y  l o w e r  w h e n  u s i n g  C A S I A - P a l m p r i n t  i n s t e a d  

o f  F e i  f a c e  a s  s e e n  i n  F i g u r e  9 . 7 . L B P H  a g a i n  p e r f o r m s  t h e  b e s t  o n  t h e  f i n g e r p r i n t  a n d  

p a l m p r i n t  c o m b i n a t i o n ,  w i t h  9 9 . 2 %  D I R  a t  F P I R  =  0 % .  T h i s  i s  f o l l o w e d  b y  S V M ,  

w i t h  E i g e n  a n d  F i s h e r  y i e l d i n g  l e s s  d e s i r a b l e  r e s u l t s  o n  t h e  f i n g e r p r i n t  a n d  p a l m p r i n t  

c o m b i n a t i o n  s i m i l a r  t o  t h e  s i n g l e  m o d a l i t y  e x p e r i m e n t s .

1 0 0 _________ I________ I ------------ ■ ■ ■ —  ■ ■ i—  ■ ■ “ 1 0 0 ----------------r -  . ' ' ----------------1------ —

9 0 9 0 ^  -  ‘

8 0 8 0 -

7 0 Co 7 0 -

6 0

OC
O

6 0 -

5 0 5 0 -

4 0

E ig e n L B P V L  -  -  

F is h erL B P V L  ■ ■ ■ ■ 4 0

E ig e n L B P V L  -  -  

F ish erL B P V L  ■ ■ ■ ■

L B P H L L B P H L

3 0 i 3 0

0.1 0 .5 1 5

F P IR  (% )

(a) DIR vs. FPIR using FA

10  3 0  1 0 0 0.1 0 .5 1 5

F P IR  (% )

(b) DIR vs. FPIR using FC

10  3 0  1 0 0

C lassifier 0 .1 0 .5 1 5 10 30 100 C lassifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0.1 0 .1 0 .6 0 .7 1.9 4.1 1 - E ig e n L B P V L 0 0 0 0 0.1 0 .7 2 .4

1 - F is h e r L B P V L 0.1 0.1 0 .3 0 .7 0 .7 2.1 4 .3 1 - F is h e r L B P V L 0 0 0 0 0.1 0 .6 2 .3

1 - L B P H L 0 0 0 0 0 0 0 .3 1 - L B P H L 0 0 0 0 0 0 0.1

1 - S V M L B P V L 0 0 0 .2 0 .5 0 .9 1.3 3 .0 1 - S V M L B P V L 0 0 0 0 0.1 0 .7 1.3

(c) FA FN IR  values (d ) FC FN IR  values

Figure 9 .7 : O n e  f u s e d  M C Y T  f i n g e r p r i n t  a n d  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

R e s u l t s  f o r  t h r e e  t r a i n i n g  s a m p l e s  a r e  g e n e r a l l y  h i g h  a s  s h o w n  i n  T a b l e  9 . 3 . E a c h  c l a s s i f i e r  

p e r f o r m s  r e l a t i v e l y  s i m i l a r l y  t o  t h e  t e s t  r e s u l t s  i n  T a b l e  9 .1  w i t h  L B P H  a n d  S V M  a g a i n  

a c h i e v i n g  p e r f e c t  a c c u r a c y .
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T a b l e  9 . 3 :  R e s u l t s  o n  f i n g e r p r i n t - p a l m p r i n t  f u s i o n  F P I R  a n d  0 %  F N I R  w i t h  t h r e e  t r a i n 

i n g  s a m p l e s  u s i n g  D a t a s e t  B .

C l a s s i f i e r F A F C

3 - E i g e n L B P V L 9 5 . 4 9 7 . 2

3 - F i s h e r L B P V L 9 6 . 4 9 8 . 6

3 - L B P H L 1 0 0 1 0 0

3 - S V M L B P V L 9 8 . 1 1 0 0

9.5.3 Dataset C: Fusing FVC2004 Fingerprint and IITD-Palm- 

print

M a r k e d  i m p r o v e m e n t s  a r e  n o t e d  f o r  a l l  c l a s s i f i e r s  o n  t h i s  f u s e d  c o m b i n a t i o n  c o m p a r e d  

w i t h  t h e  c o m p o n e n t  m o d a l i t y  r e s u l t s .  S V M  o u t p e r f o r m s  t h e  r e s t  o n  a v e r a g e  f o r  F C ,  

w h i l e  L B P H  is  t h e  b e s t  p e r f o r m e r  b y  a  s i g n i f i c a n t  m a r g i n  f o r  F A ,  w h i l e  a l s o  a c h i e v i n g  t h e  

h i g h e s t  D I R  a t  F P I R  =  1 0 0 %  a s  s h o w n  i n  F i g u r e  9 . 8 c .

C o n s i d e r a b l e  i m p r o v e m e n t s  i n  a c c u r a c y  a r e  p a r t i c u l a r l y  n o t e d  w h e n  u s i n g  t h r e e  t r a i n i n g  

s a m p l e s .  L B P H  a n d  S V M  a c h i e v e  n e a r - p e r f e c t  a c c u r a c i e s  f o r  F C .  L B P H  o n  t h e  o t h e r  

h a n d ,  a g a i n  p e r f o r m s  p o o r l y  w h e n  u s i n g  t h e  F A  m e t h o d  a s  i t  d i d  w h e n  u s i n g  o n e  t r a i n i n g  

s a m p l e ;  e v e n  c h a n g i n g  p a r a m e t e r s  d i d  n o t  i m p r o v e  t h i s  r e s u l t .  E i g e n  a c h i e v e s  t h e  b e s t  

p e r f o r m a n c e  f o r  F A ,  c o n f i r m i n g  t h e  c o n s i s t e n t  t r e n d  i n  r e s u l t s  f o r  a l l  d a t a s e t s  t h u s  f a r .  

D I R  v a l u e s  f o r  F A  a t  F P I R  =  1 0 0 %  a r e  9 8 . 5 % ,  9 8 . 0 % ,  9 7 . 7 %  a n d  9 7 . 9 %  f o r  E i g e n ,  F i s h e r ,  

L B P H  a n d  S V M ,  r e s p e c t i v e l y .  D I R  v a l u e s  f o r  F C  a t  F P I R  =  1 0 0 %  a r e  a l l  1 0 0 % .

T a b l e  9 . 4 :  R e s u l t s  o n  f i n g e r p r i n t - p a l m p r i n t  f u s i o n  a t  0 %  F P I R  a n d  0 %  F N I R  w i t h  t h r e e  

t r a i n i n g  s a m p l e s  u s i n g  D a t a s e t  C .

C l a s s i f i e r F A F C

3 - E i g e n L B P V L 9 0 . 3 9 1

3 - F i s h e r L B P V L 9 0 . 1 9 0 . 5

3 - L B P H L 8 5 9 8 . 9

3 - S V M L B P V L 9 0 . 1 9 9
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Classifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 0 0.5 5.5 14.7

1 -F is h e rL B P V L 0 0 0 0 0.5 5.5 14.7

1 - L B P H L 0 0 0.5 1.0 1.0 4 .0 11.3

1 - S V M L B P V L 0 0 0.6 0.9 1.1 6 .9 15.7

(c) FA FNIR values

C lassifier 0 .1 0 .5 1 5 10 30 100
1 -E ig e n L B P V L 0 0 0 0 0 .4 3.4 12.5

1 - F is h e r L B P V L 0 0 1 0 0 .4 3.4 14

1 - L B P H L 0 0 0.5 1.1 1.1 4.2 11.8

1 - S V M L B P V L 0 0 0 .4 0 .7 1.0 4 .7 11.8

(d) FC FNIR values

F i g u r e  9 . 8 :  O n e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  I I T D - P a l m p r i n t  t r a i n i n g  s a m p l e  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

9.6 Fingerprint and Iris Feature-Fusion Results

9.6.1 Dataset A: Fusing FVC2004 Fingerprint and CASIA-Iris- 

Lamp

F o r  t h i s  d a t a s e t ,  t h e  o p t i m a l  i m a g e  r e s o l u t i o n  o f  b o t h  f u s i o n  c o m p o n e n t s  ( f i n g e r p r i n t  a n d  

i r i s )  f o r  E i g e n ,  F i s h e r  a n d  S V M  w a s  f o u n d  t o  b e  5 0  x  5 0  t o  6 5  x  6 5 ,  a s  f i n g e r p r i n t  s t r i c t l y  

p r e f e r r e d  l o w  r e s o l u t i o n s  i n  t h e  s i n g l e  m o d a l i t y  e x p e r i m e n t s .  U s i n g  6 5  x  6 5  i n s t e a d  o f  

1 0 0  x  1 0 0  y i e l d e d  a n  a v e r a g e  1 1 %  h i g h e r  D I R  f o r  E i g e n ,  F i s h e r  a n d  S V M .  I t  s h o u l d  b e  

n o t e d  t h a t  u s i n g  a  6 5  x  6 5  r e s o l u t i o n  p e r f o r m e d  3 %  b e t t e r  t h a n  5 0  x  5 0  a s  t h e  r e d u c t i o n  

i n  i r i s  r e s o l u t i o n  a f f e c t e d  i t s  f i n e r  t e x t u r e  p a t t e r n .  L B P H  p r e f e r r e d  a  1 5 0  x  1 5 0  i m a g e
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r e s o l u t i o n  p e r  f e a t u r e  v e c t o r .

B a s e d  o n  t h e  r e s u l t s  i n  F i g u r e  9 . 9 , E i g e n  a n d  F i s h e r  a c h i e v e  p o o r  D I R  f o r  F P I R  <  

3 0 % ,  w h i c h  c o r r o b o r a t e s  t h e  t r e n d  i d e n t i f i e d  i n  t e s t s  o n  b o t h  i n d i v i d u a l  d a t a s e t s .  S V M  

c o n t i n u e s  t h e  t r e n d  o f  a c h i e v i n g  l o w  a c c u r a c y  w h e n  u s i n g  F A .  S V M  a n d  L B P H  p e r f o r m  

s i m i l a r l y  f o r  F C ,  w i t h  S V M  a c h i e v i n g  t h e  b e s t  o v e r a l l  a c c u r a c i e s  a c r o s s  a l l  F P I R s ,  w h i l e  

L B P H  s u r p a s s e s  S V M  o n l y  f o r  F P I R  >  3 0 %  b y  a  1 %  h i g h e r  D I R .  T h i s  i s  p a r t i c u l a r l y  

i n t e r e s t i n g  a s  L B P H  o u t p e r f o r m e d  S V M  o n  t h e  i n d i v i d u a l  d a t a s e t s  w h e n  u s i n g  a  s i n g l e  

t r a i n i n g  s a m p l e .  A  l i n e a r  S V M  d e a l s  w e l l  w i t h  h i g h e r  d i m e n s i o n a l i t y  r e l a t i v e  t o  t h e  o t h e r  

c l a s s i f i e r s  a n d  h e n c e  b e n e f i t s  p a r t i c u l a r l y  w e l l  f r o m  F C  o n  t h e s e  f u s e d  d a t a s e t s .

Classifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0.5 0 .5 2.1 5.5 12.1

1 - F is h e r L B P V L 0 0 0 0 1.5 5.0 12.7

1 - L B P H L 0 0 0 1.2 1.2 1.2 10.5

1 - S V M L B P V L 0 0 0.2 1.5 3.2 7 .7 17.9

(c) FA FNIR values

Classifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 1.0 1.4 4.0 13.9

1 - F is h e r L B P V L 0 0 0 1.0 1.0 5.2 14.7

1 - L B P H L 0 0 0 0 0 2.5 7 .7

1 - S V M L B P V L 0 0 0 0 .3 1.5 3.3 00 bo

(d) FC FNIR values

F i g u r e  9 . 9 :  O n e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

R e s u l t s  f o r  t h r e e  t r a i n i n g  s a m p l e s  ( s e e  F i g u r e  9 . 1 0 )  s h o w  t h a t  F C  a g a i n  a c h i e v e s  h i g h e r
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D I R  v a l u e s  f o r  a l l  c l a s s i f i e r s ,  b u t  w i t h  a  s m a l l e r  m a r g i n  w h e n  F P I R  <  3 0 % .  S V M  a g a i n  

p e r f o r m s  r e l a t i v e l y  p o o r l y  w h e n  u s i n g  F A  a s  o p p o s e d  t o  F C .  I t  s h o u l d  b e  n o t e d  t h a t  

a l l  c l a s s i f i e r s  a c h i e v e  s i m i l a r  n e a r - p e r f e c t  D I R  v a l u e s  a t  1 0 0 %  F P I R  ( w h i c h  i s  e s s e n t i a l l y  

c l o s e d - s e t  i d e n t i f i c a t i o n ) .  F i n a l l y ,  L B P H  a c h i e v e s  t h e  b e s t  a c c u r a c i e s  f o r  F A  b y  a  s i g 

n i f i c a n t  m a r g i n  -  a l m o s t  o n  p a r  w i t h  i t s  F C  e r r o r  r a t e s  w h e n  u s i n g  e i t h e r  o n e  o r  t h r e e  

t r a i n i n g  s a m p l e s .

100
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3 0
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0.1 0 .5 1 5  10  3 0

FPIR (%)

(a) DIR vs. FPIR using FA

100 0.1 0 .5 1 5 10  3 0

FPIR (%)

(b) DIR vs. FPIR using FC

100

C lassifier 0 .1 0 .5 1 5 10 30 100 C lassifier 0 .1 0 .5 1 5 10 30 100
3 - E ig e n L B P V L 0 0 0 0 0 2.1 3 .6 3 - E ig e n L B P V L 0 0 0 0 0 0 .3 0 .6

3 - F is h e r L B P V L 0 0 1.1 1.1 1.4 1.4 2 .0 3 - F is h e r L B P V L 0 0 0 0 0 0 .1 0 .4

3 - L B P H L 0 0 0 0 0 0 1.0 3 - L B P H L 0 0 0 0 0 0 0 .6

3 - S V M L B P V L 0 0 0 0 1.3 2 .9 4 .3 3 - S V M L B P V L 0 0 0 0 0 0 0 .4

(c) FA FN IR  values (d ) FC FN IR  values

Figure 9 .1 0 : T h r e e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e s  

o n  r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .
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9.6.2 Dataset B: Fusing M CYT Fingerprint and CASIA-Iris- 

Lamp

R e s o l u t i o n s  r e m a i n  t h e  s a m e  a s  f o r  D a t a s e t  A  a s  t h e  f i n g e r p r i n t  p r e f e r r e d  l o w  r e s o l u t i o n s .  

D a t a s e t  B  r e s u l t s  a r e  l o w e r  w h e n  C A S I A - I r i s - L a m p  i s  t h e  s e c o n d  c o m p o n e n t  i n s t e a d  o f  

F e i  f a c e  o r  C A S I A - P a l m p r i n t  a s  s e e n  i n  F i g u r e  9 . 1 1 . L B P H  a p p e a r s  t o  p e r f o r m  t h e  b e s t  

f o r  a l l  M C Y T  c o m b i n a t i o n s .  S V M  r e s u l t s  a r e  a  n a r r o w  s e c o n d ,  w h i l e  E i g e n  a n d  F i s h e r  

y i e l d  t h e  w e a k e s t  r e s u l t s  a s  i s  t h e  c a s e  f o r  a l l  f i n g e r p r i n t  c o m b i n a t i o n s .  F u r t h e r m o r e ,  

E i g e n  a n d  F i s h e r  g e n e r a l l y  a c h i e v e  n e a r - i d e n t i c a l  r e s u l t s  o n  t h i s  d a t a s e t .

C lassifier 0 .1 0 .5 1 5 10 30 100 C lassifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0.1 0.1 0.1 0 .4 1.1 2 .7 8.3 1 -E ig e n L B P V L 0.1 0.1 0.3 0.3 0.6 1.9 7.3

1 - F is h e r L B P V L 0.1 0.1 0.1 0 .4 0 .7 2.6 8.3 1 - F is h e r L B P V L 0.1 0.1 0.3 0.3 0.6 1.7 7.3
1 - L B P H L 0 0 0 0 0 0.1 0 .9 1 - L B P H L 0 0 0 0 0 0 0 .3

1 - S V M L B P V L 0 0 0 0.5 1.9 2.5 7.3 1 - S V M L B P V L 0 0 0 0 .4 0.9 1.5 3.3

(c) FA FNIR values (d ) FC FNIR values

F i g u r e  9 . 1 1 :  O n e  f u s e d  M C Y T  f i n g e r p r i n t  a n d  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

R e s u l t s  f o r  t h r e e  t r a i n i n g  s a m p l e s  ( s e e  T a b l e  9 . 5 )  s h o w  t h a t  F A  a n d  F C  p e r f o r m  s i m i 

l a r l y  f o r  E i g e n  a n d  F i s h e r ,  w h e r e a s  F C  o u t p e r f o r m s  F A  f o r  S V M  a n d  L B P H .  M o r e o v e r ,



Chapter 9. Proposed Feature-Fusion Bimodal Recognition System and Results 181

t h e  t r e n d  w h e r e b y  L B P H  a n d  S V M  a c h i e v e  p e r f e c t  a c c u r a c y  r e c u r s  w h e n  M C Y T  i s  a  

c o m p o n e n t  i n  t h e  f u s i o n .

T a b l e  9 . 5 :  R e s u l t s  o n  f i n g e r p r i n t - i r i s  f u s i o n  a t  0 %  F P I R  a n d  0 %  F N I R  u s i n g  t h r e e  

t r a i n i n g  s a m p l e s  o n  D a t a s e t  B .

C l a s s i f i e r F A F C

3 - E i g e n L B P V L 9 1 . 0 9 1 . 0

3 - F i s h e r L B P V L 9 3 . 0 9 3 . 2

3 - L B P H L 9 7 . 8 1 0 0

3 - S V M L B P V L 9 7 . 5 1 0 0

9.6.3 Dataset D: Fusing FVC2004 Fingerprint and IITD-Iris

T h e  o p t i m a l  i m a g e  r e s o l u t i o n  o f  7 5  x  7 5  w a s  f o u n d  f o r  E i g e n  a n d  F i s h e r ,  w h i l e  S V M  

p r e f e r r e d  1 0 0 x  1 0 0 ,  w h i c h  i s  t h e  s a m e  a s  u s e d  i n  t h e  s i n g l e  m o d a l i t y  e x p e r i m e n t s  p e r f o r m e d  

o n  I I T D - I r i s .  H o w e v e r ,  r e s u l t s  o b t a i n e d  f o r  r e s o l u t i o n s  b e t w e e n  7 5  x  7 5  a n d  1 0 0  x  1 0 0  

v a r i e d  b y  a  m a x i m u m  o f  o n l y  3 % .  L B P H  o n c e  a g a i n  p r e f e r r e d  a  1 5 0  x  1 5 0  i m a g e  r e s o l u t i o n  

p e r  f e a t u r e  v e c t o r .  O f  n o t e ,  t h e  H E L  r e s u l t s  a r e  s h o w n  a s  t h i s  m e t h o d  r e s u l t s  i n  a n  8 %  

b e t t e r  D I R  o n  a v e r a g e  t h a n  L B P V L  ( a n d  1 0 %  b e t t e r  t h a n  L B P L ) .  I n  o t h e r  w o r d s ,  L B P H  

m a r g i n a l l y  o u t p e r f o r m s  t h e  o t h e r  c l a s s i f i e r s  w h e n  t h e y  a r e  c o m b i n e d  w i t h  L B P V L  o r  

L B P L  a s  o p p o s e d  t o  t h e  r e s u l t s  t h a t  f o l l o w .

E i g e n ,  F i s h e r  a n d  S V M  a c h i e v e  s i m i l a r  r e s u l t s  f o r  F A  a n d  F C ,  b u t  o u t p e r f o r m  L B P H .  

R e f e r r i n g  t o  F i g u r e s  9 . 1 2 a  a n d  9 . 1 2 b , E i g e n  a n d  S V M  a c h i e v e  t h e  h i g h e s t  D I R  f o r  F A  a n d  

F C ,  r e s p e c t i v e l y .  A l t h o u g h  L B P H  y i e l d s  t h e  l o w e s t  D I R  v a l u e s  f o r  b o t h  F A  a n d  F C ,  i t  

h a s  b e t t e r  F N I R  v a l u e s  t h a n  t h e  o t h e r  c l a s s i f i e r s .  A l l  c l a s s i f i e r s  a c h i e v e  a p p r o x i m a t e l y  3 %  

l o w e r  a c c u r a c y  t h a n  t h e  I I T D - I r i s  c o m p o n e n t .  T h i s  i s  d u e  t o  t h e  F V C 2 0 0 4  a n d  I I T D - I r i s  

c o m p o n e n t s  h a v i n g  v a s t l y  d i f f e r e n t  a c c u r a c i e s  ( a n d  q u a l i t y ) .

U s i n g  t h r e e  t r a i n i n g  s a m p l e s  ( n o t  s h o w n  i n  f i g u r e s ) ,  a l l  c l a s s i f i e r s  a c h i e v e  p e r f e c t  a c c u r a c y  

a t  F P I R  =  0 %  e x c e p t  L B P H ,  w h i c h  a c h i e v e s  9 9 % .  T h i s  i s  a n  i m p r o v e m e n t  o v e r  t h e  

a c c u r a c y  o f  t h e  d o m i n a n t  I I T D - I r i s  c o m p o n e n t .  T h i s  i s  e x p e c t e d  a s  h i g h  a c c u r a c y  r e s u l t s  

a r e  a c h i e v e d  u s i n g  o n e  t r a i n i n g  s a m p l e  a s  w a s  t h e  c a s e  w i t h  t h e  s i n g l e  m o d a l i t y  r e s u l t s  o n
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Classifier 0.1 0.5 1 5 10 30 100 Classifier 0.1 0.5 1 5 10 30 100
1 - E ig e n H E L 0 0 .5 0 .5 1 .3 1 .5 1 .7 5 .3 1 - E ig e n H E L 0 0 0 0 1 .5 2 .0 3 .7

1 - F is h e r H E L 0 1 .0 1 .0 1 .3 2 .5 4 .3 7 .0 1 - F is h e r H E L 0 0 0 0 1 .5 2 .0 3 .3

1 - L B P H L 0 0 0 .5 0 .3 0 .5 1 .3 7 .2 1 - L B P H L 0 0 0 0 0 0 7 .5

1 - S V M H E L 0 0 0 1 .3 1 .7 2 .7 6 .0 1 - S V M H E L 0 0 0 0 0 1 .2 3 .0

(c )  F A  F N IR  values ( d )  FC  F N IR  values

Figure 9 .1 2 : O n e  f u s e d  F V C 2 0 0 4  f i n g e r p r i n t  a n d  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

t h e  I I T D - I r i s  d a t a s e t  ( a l t h o u g h  t h e  l a t t e r  r e s u l t s  a r e  e x p e c t e d l y  l o w e r  t h a n  t h e s e  f u s e d  

r e s u l t s ) .
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9.7 Face and Palmprint Feature-Fusion Recognition 

Results

9.7.1 Dataset A: Fusing Fei Face and CASIA-Palmprint

T h e  o p t i m a l  i m a g e  r e s o l u t i o n ,  p e r  d a t a s e t  c o m p o n e n t ,  f o r  E i g e n ,  F i s h e r  a n d  S V M  w a s  

f o u n d  t o  b e  5 0  x  5 0  f o r  F C  a n d  F A .  T h i s  i s  a t t r i b u t e d  t o  t h e  f a c t  t h a t  p e r f o r m a n c e  o f  

t h e  e x p e r i m e n t s  o n  t h e  f a c e  m o d a l i t y  i n  S e c t i o n  6 . 3 . 3  d i d  n o t  s i g n i f i c a n t l y  d e c r e a s e  w h e n  

u s i n g  5 0  x  5 0  i n s t e a d  o f  t h e  d e f a u l t  s e g m e n t e d  r e s o l u t i o n .  T h e s e  v a l u e s  a r e  i d e n t i c a l  t o  

t h o s e  r e c o r d e d  f o r  t h e  f i n g e r p r i n t  a n d  f a c e  s i n g l e  m o d a l i t y  r e s u l t s .  L B P H  p r e f e r r e d  a  

1 5 0  x  1 5 0  i m a g e  r e s o l u t i o n  p e r  f e a t u r e  v e c t o r ,  b u t  F A  a p p e a r s  t o  u n d e r p e r f o r m  d u e  t o  

t h e  u s e  o f  a n  u n c o m p r o m i s i n g  r e s o l u t i o n .

O n  t h e  o t h e r  h a n d ,  t h e  1 2 - p i x e l  r a d i u s  w i t h  s e v e n  n e i g h b o u r s  u s e d  f o r  L B P H  i n  p r e v i o u s  

e x p e r i m e n t s  w a s  n o t  o p t i m a l  f o r  t h i s  f u s e d  d a t a s e t .  T h e r e f o r e ,  t h e  f o l l o w i n g  n e w  p a 

r a m e t e r s  a n d  t h e i r  i m p r o v e m e n t s  i n  a c c u r a c y  a r e  s h o w n  f o r  o n e  t r a i n i n g  s a m p l e .  L a r g e  

a c c u r a c y  i m p r o v e m e n t s  f o r  F A  o f  2 0 %  a n d  8 %  w e r e  o b t a i n e d  a t  F P I R  =  0 . 1 %  a n d  F P I R  

=  1 0 0 % ,  r e s p e c t i v e l y ,  w h e n  u s i n g  a  1 - p i x e l  r a d i u s  w i t h  s e v e n  n e i g h b o u r s .  F o r  F C ,  a c c u 

r a c y  i m p r o v e m e n t s  o f  2 0 %  a n d  5 %  w e r e  o b t a i n e d  a t  F P I R  =  0 . 1 %  a n d  F P I R  =  1 0 0 % ,  

r e s p e c t i v e l y ,  w h e n  u s i n g  a  6 - p i x e l  r a d i u s  w i t h  s e v e n  n e i g h b o u r s .  U s i n g  t h r e e  t r a i n i n g  

s a m p l e s  a l s o  s h o w e d  i m p r o v e d  r e s u l t s  b y  3 %  a n d  1 %  a t  F P I R  =  0 . 1 %  a n d  F P I R  =  1 0 0 % ,  

r e s p e c t i v e l y .

R e f e r r i n g  t o  F i g u r e s  9 . 1 3 a  a n d  9 . 1 3 b , S V M  a c h i e v e s  t h e  b e s t  a v e r a g e  p e r f o r m a n c e  f o r  

b o t h  f u s i o n  m e t h o d s  a s  w i t h  t h e  f i n g e r p r i n t  a n d  f a c e  i n d i v i d u a l  m o d a l i t y  e x p e r i m e n t s .  

H o w e v e r ,  L B P H  a c h i e v e s  t h e  h i g h e s t  D I R  w i t h  F P I R  >  3 0 %  f o r  F C ,  c o n f i r m i n g  t h e  t r e n d  

i d e n t i f i e d  f o r  i t s  p a l m p r i n t  c o m p o n e n t  i n  S e c t i o n  7 . 4 . F u r t h e r m o r e ,  L B P H  is  o u t p e r f o r m e d  

b y  t h e  o t h e r  c l a s s i f i e r s  f o r  F A  b y  t h e  l a r g e s t  m a r g i n  t h u s  f a r .  T h i s  t r e n d  h a s  b e e n  o b s e r v e d  

f o r  a l l  f a c e  a n d  p a l m p r i n t  c o m b i n a t i o n s .  W h i l e  E i g e n  a n d  F i s h e r  o f t e n  s h o w  s i m i l a r  

p e r f o r m a n c e  w i t h  o n e  t r a i n i n g  s a m p l e ,  t h e i r  p e r f o r m a n c e s  a r e  n e a r - i d e n t i c a l  f o r  b o t h  

F P I R  a n d  F N I R  o n  t h i s  f u s e d  d a t a s e t .
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(a) DIR vs. FPIR using FA

1 5 10  3 0

F P IR  (%;

(b) DIR vs. FPIR using FC

Classifier 0 .1 0 .5 1 5 10 30 100 C lassifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 0 .3 0 .6 2.6 7.1 1 - E ig e n L B P V L 0 0 0 0 0 1.1 6 .6

1 - F is h e r L B P V L 0 0 0 0 .3 0 .6 2.6 7.1 1 - F is h e r L B P V L 0 0 0 0 0 0 .9 6 .6

1 - L B P H L 0 0 0 .6 1.4 1.9 4.5 13.4 1 - L B P H L 0 0 0 0 .6 0.6 1.4 6 .6

1 - S V M L B P V L 0 0 0 0 .3 1.2 3.3 8 .6 1 - S V M L B P V L 0 0 0 0 0 0 .6 4 .6

(c) FA FNIR values (d) FC FNIR values

Figure 9 .1 3 : O n e  f u s e d  F e i  f a c e  a n d  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

R e f e r r i n g  t o  F i g u r e s  9 . 1 4 a  a n d  9 . 1 4 b , F i s h e r  i s  s h o w n  t o  p e r f o r m  s i m i l a r l y  f o r  b o t h  F A  

a n d  F C .  W h e n  u s i n g  F A ,  L B P H  a c h i e v e s  s i g n i f i c a n t l y  d i f f e r e n t  r e s u l t s  a t  l o w  a n d  h i g h  

F P I R  v a l u e s .  S V M  a c h i e v e s  t h e  b e s t  p e r f o r m a n c e  o n  t h i s  d a t a s e t ,  f o l l o w e d  b y  F i s h e r  

w h e n  c o n s i d e r i n g  b o t h  F P I R  a n d  F N I R  v a l u e s .  H o w e v e r ,  a s  s e e n  i n  F i g u r e  9 . 1 4 a , c l a s s i f i e r  

p e r f o r m a n c e s  v a r y  b y  o n l y  a  t i n y  m a r g i n  f o r  F C .  T h i s  m a r g i n  i s  n e a r  z e r o  w h e n  c o n s i d e r i n g  

c l o s e d - s e t  i d e n t i f i c a t i o n  ( i . e .  w i t h  F P I R  =  1 0 0 % ) .

S i n c e  t h i s  d a t a s e t  w a s  t e s t e d  o n  1 0 0  ( D a t a s e t  A )  a n d  2 0 0  ( D a t a s e t  B )  c l a s s e s ,  i t  w a s  n o t e d  

t h a t  d o u b l i n g  t h e  n u m b e r  o f  c l a s s e s  r e s u l t s  i n  f a i r l y  s i m i l a r  t r e n d s  a n d  a c c u r a c i e s  -  o n  

a v e r a g e ,  o n l y  1 %  l o w e r  -  f o r  a l l  c l a s s i f i e r s .  T h i s  s u g g e s t s  g o o d  s c a l i n g  f r o m  t h e  e x t r a c t e d  

f e a t u r e s  a n d  c l a s s i f i e r  p a r a m e t e r s .  T h e  s a m e  a p p r o x i m a t e  c h a n g e s  i n  a c c u r a c i e s  f o r  a l l
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C lassifier 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L B P V L 0 0 0 0 0 1 .2 3 .6

3 - F is h e r L B P V L 0 0 0 0 0 0 .8 3 .2

3 - L B P H L 0 0 0 0 1.6 2 .4 3 .6

3 - S V M L B P V L 0 0 0 0 0 .4 2 .3 4 .0

(c) FA FNIR values

C lassifier 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L B P V L 0 0 0 0 0 1.2 2 .2

3 - F is h e r L B P V L 0 0 0 0 0 0 .4 1.8

3 - L B P H L 0 0 0 0 0 .4 0 .8 1.6

3 - S V M L B P V L 0 0 0 0 0 0 .4 1.2

(d) FC FNIR values

F i g u r e  9 . 1 4 :  T h r e e  f u s e d  F e i  f a c e  a n d  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

c l a s s i f i e r s  i s  a n  i n t e r e s t i n g  r e s u l t

9.7.2 Dataset C: Fusing Fei Face and IITD-Palmprint

M i n o r  i m p r o v e m e n t s  a r e  n o t e d  f o r  a l l  c l a s s i f i e r s  o n  t h i s  f u s e d  c o m b i n a t i o n  c o m p a r e d  w i t h  

t h e  r e s u l t s  o n  t h e  c o m p o n e n t  d a t a s e t s  w h e n  u s i n g  o n e  t r a i n i n g  s a m p l e .  E i g e n  a n d  F i s h e r  

g r e a t l y  o u t p e r f o r m  t h e  r e s t  f o r  F A .  F u r t h e r m o r e ,  E i g e n  a c h i e v e s  t h e  b e s t  p e r f o r m a n c e  f o r  

F C ,  b o t h  o n  a v e r a g e  a n d  b y  t h e  h i g h e s t  D I R  a t  F P I R  =  1 0 0 % .  H o w e v e r ,  t h e s e  r e s u l t s  

a p p e a r  t o  b e  a  s p e c i a l  c a s e  a s  t h e y  a r e  a c h i e v e d  b y  a p p l y i n g  t h e  L o G  f i l t e r  b e f o r e  L B P V  

( L L B P V ) ,  r e s u l t i n g  i n  b e t t e r  r e s u l t s  t h a n  L B P V L  b y  6 %  f o r  E i g e n ,  F i s h e r  a n d  S V M .
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F u r t h e r m o r e ,  u s i n g  a  r e s o l u t i o n  o f  1 0 0  x  1 0 0  y i e l d e d  t h e  b e s t  r e s u l t s  f o r  L L B P V ,  w h i l e  

5 0  x  5 0  d i d  t h e  s a m e  f o r  L B P V L .  T h e  L L B P V  r e s u l t s  a r e  t h u s  s h o w n  i n  t h e  f i g u r e s  a n d  

t a b l e s  f o r  t h i s  d a t a s e t  ( s e e  F i g u r e  9 . 1 5 ) . B o t h  t h e  H E L  a n d  L B P L  m e t h o d s  w e r e  a l s o  

t e s t e d  b u t  y i e l d e d  s l i g h t l y  l o w e r  a c c u r a c i e s  t h a n  L B P V L .  L B P H  p e r f o r m a n c e  f o r  F A  i s  

p o o r  c o m p a r e d  w i t h  o t h e r  r e s u l t s  r e g a r d l e s s  o f  p a r a m e t e r  t u n i n g .

Classifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L L B P V 0 0.5 0.5 0 .7 1.7 6 .0 11.5

1 - F is h e r L L B P V 0.5 0.5 0 .7 1.0 2 .0 8.5 12.0

1 - L B P H L 0 0 0 0 0 7.0 28.0

1 - S V M L L B P V 0 0 0.2 1.5 3.2 7 .7 21.7

(c) FA FNIR values

C lassifier 0.1 0 .5 1 5 10 30 100
1 - E ig e n L L B P V 0 0 0 1.0 1.0 3.3 9.0

1 - F is h e r L L B P V 0 0 0 0 .7 1.7 3.3 10.3

1 - L B P H L 0 1.0 1.0 2.0 4.5 6.6 10.5

1 - S V M L L B P V 0 0 0 1.0 2.7 4.6 13.5

(d) FC FNIR values

F i g u r e  9 . 1 5 :  O n e  f u s e d  F e i  f a c e  a n d  I I T D - P a l m p r i n t  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

L L B P V  i m p r o v e d  o n  t h e  E i g e n ,  F i s h e r  a n d  S V M  r e s u l t s  b y  1 3 %  -  a  h i g h l y  s i g n i f i c a n t  

i m p r o v e m e n t  -  a l l o w i n g  E i g e n  t o  a c h i e v e  p e r f e c t  a c c u r a c y  w h e n  F P I R  >  3 0 % .  L B P H  a l s o  

a c h i e v e s  p e r f e c t  a c c u r a c y  b u t  a t  F P I R  =  1 0 0 % .  F i g u r e  9 . 1 6  s h o w s  E i g e n  o u t p e r f o r m i n g  

t h e  o t h e r  c l a s s i f i e r s  i n  g e n e r a l  w h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s .



Chapter 9. Proposed Feature-Fusion Bimodal Recognition System and Results 187

C la ssifie r 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L L B P V 0 0 0 0 0 0 2 .3

3 - F is h e r L L B P V 0 0 0 0 0 3.1 6 .5

3 - L B P H L 0 0 0 0 0 0 6 .3

3 - S V M L L B P V 0 0 0 0 0 2.1 4 .7

(c) FA FNIR values

C la ssifie r 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L L B P V 0 0 0 0 0 0 0

3 - F is h e r L L B P V 0 0 0 0 0 1.0 1 .5

3 - L B P H L 0 0 0 0 0 0 0

3 - S V M L L B P V 0 0 0 0 0 1.3 2 .7

(d) FC FNIR values

F i g u r e  9 . 1 6 :  T h r e e  f u s e d  F e i  f a c e  a n d  I I T D - P a l m p r i n t  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

9.8 Face and Iris Feature-Fusion Recognition Results

9.8.1 Dataset A: Fusing Fei and CASIA-Iris-Lamp

T h i s  f u s e d  d a t a s e t  a c h i e v e d  i t s  b e s t  r e s u l t s  a t  1 0 0  x  1 0 0  t o  1 5 0  x  1 5 0  r e s o l u t i o n .  W h i l e  t h e  

s e g m e n t e d  r e s o l u t i o n  o f  C A S I A - I r i s - L a m p  i s  1 0 0  x  1 0 0 ,  a c c u r a c y  i s  n o t  n e g a t i v e l y  a f f e c t e d  

w h e n  i n c r e a s e d  t o  1 5 0  x  1 5 0 ,  b u t  y i e l d e d  a n  a d d i t i o n a l  3 %  D I R  ( w h e n  F P I R  =  1 0 0 % ) .  

T h e  n o n - n e g a t i v e  e f f e c t s  o f  i n c r e a s i n g  i r i s  i m a g e s  b e y o n d  t h e i r  s e g m e n t e d  r e s o l u t i o n  w a s  

a l s o  m e n t i o n e d  i n  C h a p t e r  8  d u e  t o  t h e  t i g h t l y - s p a c e d  f e a t u r e s  o f  i r i s  i m a g e s .  O n  t h e  

o t h e r  h a n d ,  d e c r e a s i n g  t h e  r e s o l u t i o n  o f  i r i s  i m a g e s  t e n d s  t o  r e s u l t  i n  a  m a r k e d  r e d u c t i o n  

i n  a c c u r a c y .  U s i n g  a  5 0  x  5 0  r e s o l u t i o n ,  t h e  I R  d e c r e a s e d  b y  a p p r o x i m a t e l y  1 1 %  a n d  1 5 %



Chapter 9. Proposed Feature-Fusion Bimodal Recognition System and Results 188

w h e n  u s i n g  F A  a n d  F C ,  r e s p e c t i v e l y  f o r  E i g e n ,  F i s h e r  a n d  S V M .  T h e  r e s u l t s  o f  a  1 5 0  x  1 5 0  

r e s o l u t i o n  a r e  t h u s  s h o w n  i n  t h e  f i g u r e s  i n  t h i s  s u b s e c t i o n  f o r  a l l  c l a s s i f i e r s .

P a r a m e t e r  t u n i n g  r e v e a l e d  t h a t  L B P H  o n c e  a g a i n  a c h i e v e s  i t s  b e s t  p e r f o r m a n c e  w i t h  a  

1 2 - p i x e l  r a d i u s  a n d  s i x  n e i g h b o u r s .  R e f e r r i n g  t o  F i g u r e s  9 . 1 7  a n d  9 . 1 8 , h o w e v e r ,  L B P H  

p e r f o r m s  r e l a t i v e l y  p o o r l y  f o r  b o t h  F A  a n d  F C  w h e n  u s i n g  e i t h e r  o n e  o r  t h r e e  t r a i n i n g  

s a m p l e s .  O m i t t i n g  t h e  L o G  f i l t e r  r e d u c e d  t h e  a c c u r a c y  e v e n  f u r t h e r  a n d  i t  w a s  t h u s  

c o n c l u d e d  t h a t  t h e  L B P H  a c c u r a c y  c a n n o t  b e  i m p r o v e d  f o r  t h i s  d a t a s e t .  S V M  a c h i e v e s  

t h e  b e s t  a c c u r a c i e s  i n  a l l  t e s t s .  F u r t h e r m o r e ,  f o r  t h e  f i r s t  t i m e ,  E i g e n  a n d  F i s h e r  p e r f o r m  

b e t t e r  w h e n  u s i n g  F A ,  a l t h o u g h  t h i s  i s  n o t  s i g n i f i c a n t .

C lassifier 0.1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 0 0 2.0 3.1

1 - F is h e r L B P V L 0 0 0 0 0.5 2.0 3.6

1 - L B P H L 0.5 0.9 1.3 1.7 4 .7 10.5 18.7

1 - S V M L B P V L 0 0 0 0 0 1.3 2.5

(c) FA FNIR values

C lassifier 0 .1 0 .5 1 5 10 30 100
1 - E ig e n L B P V L 0 0 0 0 0 0 2 .7

1 - F is h e r L B P V L 0 0 0 0 .5 0.5 1.3 3.2

1 - L B P H L 0 0 0 0 0.5 6.3 15.5

1 - S V M L B P V L 0 0 0 0 0 0 2 .7

(d) FC FNIR values

F i g u r e  9 . 1 7 :  O n e  f u s e d  F e i  f a c e  a n d  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

F i g u r e  9 . 1 8 a  s h o w s  t h a t  E i g e n ,  F i s h e r  a n d  S V M  a c h i e v e  a  h i g h e r  D I R  w h e n  F P I R  <  1 % ,
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w h e n  u s i n g  F A  w i t h  t h r e e  t r a i n i n g  s a m p l e s .  H o w e v e r ,  a c c o r d i n g  t o  F i g u r e  9 . 1 8 b  p e r f e c t  

a c c u r a c y  i s  a c h i e v e d  o n l y  w h e n  u s i n g  F C  f o r  E i g e n ,  F i s h e r  a n d  S V M .  L B P H  p e r f o r m s  

p o o r l y  s h o w i n g  a  s i m i l a r  t r e n d  t o  t h a t  i d e n t i f i e d  i n  t h e  o n e  t r a i n i n g  s a m p l e  r e s u l t s  f o r  

t h i s  d a t a s e t  a n d  f o r  t h e  o t h e r  b i m o d a l  e x p e r i m e n t s  w i t h  F e i  f a c e  a s  a  c o m p o n e n t .  A n  

e x c e p t i o n  o c c u r r e d  w h e n  f u s i n g  F e i  f a c e  w i t h  a n y  f i n g e r p r i n t  c o m p o n e n t ,  w h i c h  r e s u l t e d  

i n  L B P H  b e i n g  t h e  b e s t  p e r f o r m e r .

C lassifier 0 .1 0 .5 1 5 10 30 100 C lassifier 0 .1 0 .5 1 5 10 30 100
3 - E ig e n L B P V L 0 0 0 0 0 1.0 2 .0 3 - E ig e n L B P V L 0 0 0 0 0 0 0

3 - F is h e r L B P V L 0 0 1.3 1.3 2 .0 2 .0 2 .0 3 - F is h e r L B P V L 0 0 0 0 0 0 0

3 - L B P H L 0 0 1.0 2 .0 3.5 7 .7 1 1 .7 3 - L B P H L 0 0 0 0 0 1.0 6 .0

3 - S V M L B P V L 0 0 0 0 0 0 .7 0 .7 3 - S V M L B P V L 0 0 0 0 0 0 0

(c) FA FNIR values (d) FC FNIR values

F i g u r e  9 . 1 8 :  T h r e e  f u s e d  F e i  f a c e  a n d  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e s  o n  r e m a i n i n g  

t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  a n d  ( d )  

F N I R  f o r  g i v e n  F P I R  v a l u e s .

D o u b l i n g  t h e  n u m b e r  o f  c l a s s e s  ( d u p l i c a t e  r e s u l t s  f r o m  D a t a s e t  B )  o n c e  a g a i n  y i e l d s  

s i m i l a r  a c c u r a c i e s .  T h a t  i s ,  w h e n  u s i n g  o n e  t r a i n i n g  s a m p l e ,  a  2 %  l o w e r  a v e r a g e  D I R  f o r  

L B P H  w a s  r e c o r d e d ,  w h i l e  f o r  E i g e n ,  F i s h e r  a n d  S V M  o n l y  a  0 . 5 %  l o w e r  a v e r a g e  D I R  w a s  

r e c o r d e d .  W h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s  t h e  n e g a t i v e  e f f e c t  o n  c l a s s i f i e r  p e r f o r m a n c e  

c a u s e d  b y  m o r e  c l a s s e s  i s  l o w e r e d  t o  0 . 5 %  f o r  L B P H  a n d  0 . 3 %  f o r  t h e  o t h e r  c l a s s i f i e r s .
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T h e s e  r e s u l t s ,  h o w e v e r ,  a s s u m e  t h a t  t h e  a v e r a g e  q u a l i t y  o f  t h e  a d d i t i o n a l  c l a s s e s  i s  s i m i l a r  

t o  t h e  f i r s t  h a l f  o f  t h e  c l a s s e s .

9.8.2 Dataset D: Fusing Fei Face and IITD-Iris

F o r  t h i s  d a t a s e t ,  a n  o p t i m a l  i m a g e  r e s o l u t i o n  o f  1 5 0  x  1 5 0  w a s  f o u n d  f o r  a l l  c l a s s i f i e r s .  

H o w e v e r ,  r e s u l t s  o b t a i n e d  u s i n g  r e s o l u t i o n s  b e t w e e n  7 5  x  7 5  a n d  1 5 0  x  1 5 0  v a r i e d  b y  a  

m a x i m u m  o f  o n l y  1 % .  R e s u l t s  i n  T a b l e  9 . 6  s h o w  t h a t  a l l  c l a s s i f i e r s  a c h i e v e d  h i g h  a c c u r a c y  

w h e n  u s i n g  o n l y  a  s i n g l e  t r a i n i n g  s a m p l e .  S V M  y i e l d s  t h e  b e s t  a c c u r a c i e s  f o r  b o t h  F A  

a n d  F C ,  f o l l o w e d  b y  E i g e n  a n d  F i s h e r .  L B P H  p e r f o r m s  r e l a t i v e l y  p o o r l y  w h e n  u s i n g  F A  

a n d  o n c e  a g a i n  a c h i e v e s  t h e  l o w e s t  a c c u r a c y  w h e n  u s i n g  F C ,  a l b e i t  b y  a  l o w e r  m a r g i n .

T a b l e  9 . 6 :  R e s u l t s  o n  f a c e - i r i s  f u s i o n  a t  0 %  F P I R  a n d  0 %  F N I R  u s i n g  t h r e e  t r a i n i n g  

s a m p l e s  o n  D a t a s e t  D .

C l a s s i f i e r F A F C

1 - E i g e n L B P V L 9 7 . 7 9 8 . 5

1 - F i s h e r L B P V L 9 6 . 3 9 8 . 5

1 - L B P H L 9 3 . 5 9 7 . 0

1 - S V M L B P V L 9 9 . 0 9 9 . 3

9.9 Palmprint and Iris Feature-Fusion Recognition 

Results

9.9.1 Dataset A: Fusing CASIA-Palmprint and CASIA-Iris-Lamp

F o r  t h i s  d a t a s e d ,  t h e  o p t i m a l  i m a g e  r e s o l u t i o n  f o r  E i g e n ,  F i s h e r  a n d  S V M  w a s  f o u n d  t o  

b e  1 0 0  x  1 0 0  a s  t h i s  r e s o l u t i o n  y i e l d s  a c c u r a c i e s  f o r  t h e  p a l m p r i n t  w i t h i n  t h e  o p t i m a l  

r a n g e  r e s u l t i n g  i n  r e a s o n a b l e  c o m p r o m i s e  f o r  r e s i z i n g ,  u n l i k e  t h e  f i n g e r p r i n t  a s  d i s c u s s e d  

i n  S e c t i o n  9 . 6 . H o w e v e r ,  L B P H  p r e f e r r e d  a  1 5 0  x  1 5 0  i m a g e  r e s o l u t i o n  p e r  f e a t u r e  v e c t o r .
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F i g u r e  9 . 1 9  s h o w s  t h a t  t h e  S V M  p e r f o r m s  t h e  b e s t  o n  a v e r a g e  f o r  F C ,  w h i l e  t h e  o t h e r  

c l a s s i f i e r s  a c h i e v e  s i m i l a r  a c c u r a c i e s  t o  S V M .  O n  t h e  o t h e r  h a n d ,  L B P H  p e r f o r m s  p o o r l y  

f o r  t h e  F A  m e t h o d  ( e v e n  t h o u g h  F e i  f a c e  i s  n o t  a  f u s i o n  c o m p o n e n t ) .

Classifier 0 .1 0 .5 1 5 10 30 100
1 -E ig e n L B P V L 1.0 1.0 1.0 2.3 2.3 5.5 10.0
1 -F is h e rL B P V L 1.0 1.0 1.0 2.3 2.3 6.5 10.3

1 - L B P H L 0 0 0 1.0 3.3 11.5 21.7
1 -S V M L B P V L 0 0.5 0.5 2.3 3.0 5.0 10.3

(c) FA FNIR values

Classifier 0.1 0 .5 1 5 10 30 100
1 -E ig e n L B P V L 0 1.0 1.0 1.0 3.3 5.5 9.0

1 -F is h e rL B P V L 0.5 1.0 1.0 2.3 3.3 6.5 9 .7

1 -L B P H L 0.5 0.5 0.5 0.5 2.3 3 .0 7.5
1 - S V M L B P V L 0 0 1.3 1.3 2.3 2.7 7.5

(d) FC FNIR values

F i g u r e  9 . 1 9 :  O n e  f u s e d  C A S I A - I r i s - L a m p  a n d  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

W h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s  ( a s  s h o w n  i n  F i g u r e  9 . 2 0 ) , E i g e n ,  F i s h e r  a n d  S V M  

p e r f o r m  f a i r l y  s i m i l a r l y  f o r  F A  a n d  F C .  L B P H  r e s u l t s  a r e  a g a i n  s i g n i f i c a n t l y  b e t t e r  w h e n  

u s i n g  F C  w i t h  t h r e e  t r a i n i n g  s a m p l e s ,  w h i l e  E i g e n ,  F i s h e r  a n d  S V M  r e s u l t s  i m p r o v e  t o  a  

l e s s e r  e x t e n t .

T r e n d s  s i m i l a r  t o  t h o s e  o b s e r v e d  a t  t h e  e n d  o f  S e c t i o n  9 . 8 . 1 , r e c u r r e d  w h e n  t e s t i n g  o n  

t h i s  d a t a s e t  w i t h  d o u b l e  t h e  n u m b e r  o f  c l a s s e s  w h e n  c o m p a r i n g  r e s u l t s  u s i n g  o n e  a n d  

t h r e e  t r a i n i n g  s a m p l e s .  H o w e v e r ,  i n  t h i s  c a s e  L B P H ’ s  a v e r a g e  D I R  ( d e c r e a s e d  b y  0 . 4 % )
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C lassifier 0 .1 0 .5 1 5 10 30 100
3 - E ig e n L B P V L 0 0 0 0 0 1.0 3 .7

3 - F is h e r L B P V L 0 0 0 0 0 0 2 .0

3 - L B P H L 0 0 0 2 .0 3 .0 3 .5 5 .3

3 - S V M L B P V L 0 0 0 0 0 0 .5 2 .3

(c) FA FNIR values

C lassifier 0 .1 0 .5 1 5 10 3 0 100
3 - E ig e n L B P V L 0 0 0 0 0 1 .0 3 .7

3 - F is h e r L B P V L 0 0 0 0 0 0 2 .0

3 - L B P H L 0 0 0 0 0 0 1 .0

3 - S V M L B P V L 0 0 0 0 0 0 2 .3

(d) FC FNIR values

F i g u r e  9 . 2 0 :  T h r e e  f u s e d  C A S I A - I r i s - L a m p  a n d  C A S I A - P a l m p r i n t  t r a i n i n g  s a m p l e s  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

w a s  s l i g h t l y  l e s s  a f f e c t e d  c o m p a r e d  w i t h  t h e  o t h e r  c l a s s i f i e r s  ( d e c r e a s e d  b y  0 . 6 % )  w h e n  

u s i n g  t h r e e  t r a i n i n g  s a m p l e s .  U s i n g  o n e  t r a i n i n g  s a m p l e  a l l  c l a s s i f i e r s  h a d  a n  a v e r a g e  D I R  

d e c r e a s e  o f  a b o u t  2 % .

9.9.2 Dataset C: Fusing IITD-Palmprint and CASIA-Iris-Lamp

T h e  o p t i m a l  i m a g e  r e s o l u t i o n  f o r  E i g e n ,  F i s h e r  a n d  S V M  w a s  f o u n d  t o  b e  1 0 0  x  1 0 0 .  

H o w e v e r ,  i t  s h o u l d  b e  n o t e d  t h a t  r e s u l t s  u s i n g  r e s o l u t i o n s  5 0  x  5 0  a n d  1 5 0  x  1 5 0  y i e l d e d  

m a x i m u m  D I R  v a l u e s  ( F P I R  =  1 0 0 % )  t h a t  w e r e  l o w e r  b y  5 %  a n d  2 % ,  r e s p e c t i v e l y .  

D I R  v a l u e s  a t  a v e r a g e  F P I R ,  s i m i l a r l y ,  y i e l d e d  l o w e r  r e s u l t s .  L B P H ,  w h o s e  o p t i m a l
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r e s o l u t i o n  r e m a i n e d  1 5 0  x  1 5 0 ,  a c h i e v e s  i t s  b e s t  p e r f o r m a n c e  u s i n g  a  1 2 - p i x e l  r a d i u s  a n d  

s i x  n e i g h b o u r s  w h e n  u s i n g  F C .  H o w e v e r ,  t h e  F A  m e t h o d  p r e f e r r e d  a  2 - p i x e l  r a d i u s ,  a s  

t h i s  i m p r o v e d  m a x i m u m  D I R  b y  8 % .  L B P H  o u t p e r f o r m s  a l l  c l a s s i f i e r s  f o r  b o t h  F A  a n d  

F C  a n d  a c h i e v e s  i t s  b e s t  r e s u l t s  w h e n  u s i n g  t h e  F C  m e t h o d ,  a s  s h o w n  i n  F i g u r e  9 . 2 1 .

Classifier 0.1 0 .5 1 5 10 30 100 Classifier 0.1 0 .5 1 5 10 30 100
1 -E ig e n L B P V L 0 0 0 0 2.5 9.0 24.5 1 -E ig e n L B P V L 0.5 0.5 0.5 2.0 3.5 11.0 23.2

1 -F is h e rL B P V L 0 0 1.5 1.5 3.0 11.0 24.9 1 -F is h e rL B P V L 0 0.5 0.5 2.0 3.3 10.8 24.8
1 -L B P H L 0 0.5 1.5 2.0 3.3 11.2 20.8 1 -L B P H L 0 0 0 0 0 4.4 14.7
1 - S V M L B P V L 0 0 0.5 2.3 4.1 12.3 25.8 1 -S V M L B P V L 0 0 0 0 1.5 5.3 19.3

(c) FA FNIR values (d) FC FNIR values

F i g u r e  9 . 2 1 :  O n e  f u s e d  I I T D - P a l m p r i n t  a n d  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e  o n  r e 

m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  ( c )  

a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

R e f e r r i n g  t o  F i g u r e  9 . 2 2 , w h e n  u s i n g  t h r e e  t r a i n i n g  s a m p l e s  f o r  t h e  F C  m e t h o d ,  E i g e n  

a c h i e v e s  t h e  h i g h e s t  D I R  a t  F P I R  =  1 0 0 % ,  w h i l e  L B P H  a n d  S V M  a c h i e v e  t h e  b e s t  D I R  

a v e r a g e  v a l u e s .  O v e r a l l ,  i n d i v i d u a l  c l a s s i f i e r  r e s u l t s  a r e  n o t  v a s t l y  d i f f e r e n t  w h e n  u s i n g  

t h r e e  t r a i n i n g  s a m p l e s ,  u n l i k e  t h e  c a s e  w h e n  u s i n g  o n e  t r a i n i n g  s a m p l e .
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C lassifier 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L B P V L 0 0 0 0 0 0 1 .7

3 - F is h e r L B P V L 0 0 0 0 0 1 .0 2 .8

3 - L B P H L 0 0 0 0 0 0 .8 2 .2

3 - S V M L B P V L 0 0 0 0 0 .5 2 .5 4 .9

(c) FA FNIR values

C lassifier 0 .1 0 .5 1 5 10 3 0 1 0 0
3 - E ig e n L B P V L 0 0 0 0 0 0 1.5

3 - F is h e r L B P V L 0 0 0 0 0 .5 1.5 2 .9

3 - L B P H L 0 0 0 0 0 1.0 3 .0

3 - S V M L B P V L 0 0 0 0 0 0 2 .3

(d) FC FNIR values

F i g u r e  9 . 2 2 :  T h r e e  f u s e d  I I T D - P a l m p r i n t  a n d  C A S I A - I r i s - L a m p  t r a i n i n g  s a m p l e s  o n  

r e m a i n i n g  t e s t  i m a g e s :  ( a )  a n d  ( b )  D I R  v e r s u s  e r r o n e o u s l y  i d e n t i f i e d  i m p o s t o r s  ( F P I R ) ;  

( c )  a n d  ( d )  F N I R  f o r  g i v e n  F P I R  v a l u e s .

9.9.3 Dataset D: Fusing CASIA-Palmprint and IITD-Iris

T h e  o p t i m a l  i m a g e  r e s o l u t i o n  o f  1 5 0  x  1 5 0  w a s  c o n f i r m e d  f o r  a l l  c l a s s i f i e r s .  H o w e v e r ,  

r e s o l u t i o n s  b e t w e e n  7 5  x  7 5  a n d  1 5 0  x  1 5 0  v a r i e d  b y  a  m a x i m u m  o f  o n l y  2 % .  L B P H  

p r e f e r s  a  2 - p i x e l  r a d i u s  w h e n  u s i n g  F A  a n d  a  1 2 - p i x e l  r a d i u s  w h e n  u s i n g  F C .

T a b l e  9 . 7 :  R e s u l t s  o n  p a l m p r i n t - i r i s  f u s i o n  a t  0 %  F P I R  a n d  0 %  F N I R  u s i n g  t h r e e  

t r a i n i n g  s a m p l e s  o n  D a t a s e t  D .

C l a s s i f i e r F A F C

1 - E i g e n L B P V L 9 6 . 3 9 7 . 5

1 - F i s h e r L B P V L 9 6 . 0 9 7 . 0

1 - L B P H L 9 5 . 5 9 8 . 3

1 - S V M L B P V L 9 5 . 3 9 9 . 0
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T a b l e  9 . 7  s h o w s  t h a t  a l l  c l a s s i f i e r s  a c h i e v e  h i g h  a c c u r a c y  w h e n  u s i n g  o n l y  a  s i n g l e  t r a i n i n g  

s a m p l e ,  s i m i l a r  t o  t h e  F e i  f a c e  a n d  I I T D - I r i s  d a t a s e t  c o m b i n a t i o n .  S V M  a g a i n  a c h i e v e s  

t h e  b e s t  a c c u r a c i e s  f o r  b o t h  F A  a n d  F C .  L B P H  o u t p e r f o r m s  E i g e n  a n d  F i s h e r  m a r g i n a l l y  

w h e n  u s i n g  t h e  F C  m e t h o d .

9.10 Discussion of Bimodal Results

D a t a s e t s  A  a n d  B  c o n t a i n e d  t h e  m o s t  c h a l l e n g i n g  b i m o d a l  c o m b i n a t i o n s ,  s o m e  o f  w h i c h  

w e r e  d u p l i c a t e d  i n  D a t a s e t  B  b u t  w i t h  d o u b l e  t h e  n u m b e r  o f  c l a s s e s .  N e v e r t h e l e s s ,  t h e  

f e a t u r e - c l a s s i f i e r  c o m b i n a t i o n s  s h o w e d  p r o m i s e  a s  b i m o d a l  f u s i o n  d e f i n i t i v e l y  i m p r o v e d  

t h e  a c c u r a c y ,  w h i l e  a l s o  s c a l i n g  w e l l  o n  t h e s e  c h a l l e n g i n g  d a t a s e t s  w h e n  c l a s s i f y i n g  d o u b l e  

t h e  n u m b e r  o f  c l a s s e s  i n  D a t a s e t  B .

T h e  F e i  f a c e  a n d  I I T D - P a l m p r i n t  c o m b i n a t i o n  i n  D a t a s e t  C  w a s  a  s p e c i a l  c a s e  i n  t h a t  

E i g e n  ( e s p e c i a l l y )  a n d  F i s h e r  y i e l d e d  s i g n i f i c a n t l y  b e t t e r  a c c u r a c i e s  t h a n  S V M  a n d  L B P H .  

T h i s  s p e c i a l  c a s e  i n v o l v e d  t h e  u s e  o f  t h e  L L B P V  f e a t u r e  e x t r a c t o r  i n s t e a d  o f  L B P V L ,  

w h i c h  w a s  u s e d  i n  t h e  m a j o r i t y  o f  t h e  e x p e r i m e n t s .  L B P H  i n  p a r t i c u l a r  p e r f o r m e d  p o o r l y  

o n  t h i s  d a t a s e t .

D a t a s e t  D  o n l y  r e q u i r e d  o n e  t r a i n i n g  s a m p l e  t o  r e a c h  n e a r - p e r f e c t  a c c u r a c i e s ,  e x c e p t  w i t h  

F V C 2 0 0 4  a s  a  c o m p o n e n t .  S p e c i f i c  c l a s s i f i e r - d a t a s e t  r e s u l t s  a r e  d i s c u s s e d  n e x t .

E i g e n ,  F i s h e r  a n d  S V M  p e r f o r m e d  o p t i m a l l y  w h e n  u s i n g  l o w e r  r e s o l u t i o n s  o n  c o m b i n a t i o n s  

i n v o l v i n g  t h e  f i n g e r p r i n t  o r  p a l m p r i n t .  A  5 0  x  5 0  t o  6 5  x  6 5  r e s o l u t i o n  g e n e r a l l y  y i e l d e d  o p 

t i m a l  p e r f o r m a n c e  w h e n  e i t h e r  t h e  f i n g e r p r i n t  o r  p a l m p r i n t  -  w i t h  t h e i r  r e l a t i v e l y  s p a r s e  

f e a t u r e s  o f  d i s t i n c t  s i z e  ( r i d g e s  o r  p r i n c i p a l  l i n e s )  w e r e  i n v o l v e d  i n  a  f u s i o n  w i t h  o n e  o f  

t h e  o t h e r  m o d a l i t i e s .  H o w e v e r ,  t h i s  w a s  n o t  a l w a y s  t h e  c a s e  w i t h  t h e  p a l m p r i n t ,  w h e r e  

s p e c i f i c a l l y  C A S I A - P a l m p r i n t  f u s e d  e f f e c t i v e l y  a t  t h e  p r e f e r r e d  ( a n d  h i g h e r )  r e s o l u t i o n  o f  

t h e  f a c e  a n d  i r i s  c o m p o n e n t s .  T h i s  w a s  d u e  t o  t h e  r e l a t i v e l y  h i g h  s e g m e n t e d  r e s o l u t i o n  

o f  2 0 0  x  2 0 0  f o r  t h i s  d a t a s e t ,  c o m p a r e d  w i t h  t h e  1 0 0  x  1 0 0  s e g m e n t e d  r e s o l u t i o n  f o r  a l l  

f i n g e r p r i n t  d a t a s e t s .  I n t u i t i v e l y ,  f u s i n g  m o d a l i t i e s  w h o s e  c o m p o n e n t s  h a v e  s u b s t a n t i a l l y



Chapter 9. Proposed Feature-Fusion Bimodal Recognition System and Results 196

d i f f e r e n t  o p t i m a l  r e s o l u t i o n s  s h o u l d  p e r f o r m  b e s t  o n  a n  e q u a l l y  c o m p r o m i s i n g  r e s o l u t i o n  

w i t h  r e s p e c t  t o  i n d i v i d u a l  p e r f o r m a n c e .  T h i s  i s  t h e  c a s e  w i t h  m e d i u m  r e s o l u t i o n s  o f t e n  

u s e d  i n  c o m b i n a t i o n s  i n v o l v i n g  t h e  p a l m p r i n t  o r  t h e  i r i s ,  d e p e n d i n g  o n  t h e  s e g m e n t e d  

r e s o l u t i o n .  H i g h  r e s o l u t i o n s  a l w a y s  y i e l d e d  t h e  b e s t  r e s u l t s  f o r  f a c e  a n d  i r i s  c o m b i n a t i o n s ,  

w h i l e  l o w  r e s o l u t i o n s  w e r e  i d e a l  f o r  f i n g e r p r i n t  a n d  p a l m p r i n t  c o m b i n a t i o n s .  M i n o r  e x 

c e p t i o n s  o c c u r r e d  w h e n  t w o  d a t a s e t s  w e r e  f u s e d  w i t h  l a r g e  d i f f e r e n c e s  i n  D I R  ( >  1 0 %  o n  

a v e r a g e  F P I R  v a l u e )  a n d  w h e n  t h e  d o m i n a n t  c o m p o n e n t  h a s  a  n e a r  p e r f e c t  a c c u r a c y ,  s u c h  

a s  t h e  c a s e  w i t h  D a t a s e t  D ,  a n d  t o  a  l e s s e r  d e g r e e  D a t a s e t  E ,  d u e  t o  u s i n g  F V C 2 0 0 4  a s  a  

f u s i o n  c o m p o n e n t  i n  b o t h  c a s e s .  H o w e v e r ,  t h i s  v a r i e s  b y  c a s e  a s  a  c l a s s i f i e r  o f t e n  f a v o u r s  

d o m i n a n t  f e a t u r e s ,  a n d  t h e r e f o r e ,  f o r  D a t a s e t s  D  a n d  E ,  t h e  d e n s e l y - s p a c e d  f e a t u r e s  o f  

P U T  f a c e  a n d  I I T D - I r i s  w e r e  s u f f i c i e n t  t o  n o t  r e s u l t  i n  a  s i g n i f i c a n t  d r o p  i n  t h e  f u s e d  

a c c u r a c y .

C o m p r o m i s i n g  t h e  a c c u r a c y  o f  t h e  s i g n i f i c a n t l y  b e t t e r  p e r f o r m i n g  c o m p o n e n t  i s  n o t  i d e a l  

a s  w a s  t h e  c a s e  w i t h  D a t a s e t s  D  a n d  E  i n v o l v i n g  f u s i o n  o f  t h e  F V C 2 0 0 4  F i n g e r p r i n t  a n d  

P U T  F a c e  o r  I I T D - I r i s  d a t a s e t s .  T h i s  w a s  a l s o  t h e  o n l y  b i m o d a l  c o m b i n a t i o n  i n  D a t a s e t  

E  t h a t  d i d  n o t  p r o d u c e  p e r f e c t  a c c u r a c y  w h e n  u s i n g  a  s i n g l e  t r a i n i n g  s a m p l e .  T h i s  i s  d u e  

t o  t h e  F V C 2 0 0 4  f i n g e r p r i n t  d a t a s e t  y i e l d i n g  t h e  w o r s t  a c c u r a c i e s  o f  a l l  s i n g l e  m o d a l i t y  

d a t a s e t s .  F u s i n g  d a t a s e t s  w i t h  l a r g e  d i f f e r e n c e s  i n  q u a l i t y  i s  t h u s  d i s c o u r a g e d .  I t  i s ,  

h o w e v e r ,  n o t e d  t h a t  t h e  H E L  e x t r a c t o r  p e r f o r m s  b e t t e r  i n  s u c h  c a s e s .

S i n c e  t h e  C A S I A - P a l m p r i n t  d a t a s e t  h a d  a  r e l a t i v e l y  h i g h  s e g m e n t e d  r e s o l u t i o n  o f  2 0 0  x  

2 0 0 ,  i t  w a s  l e s s  a f f e c t e d  i n  t e r m s  o f  p e r f o r m a n c e  t h a n  o t h e r  f i n g e r p r i n t  a n d  p a l m p r i n t  

d a t a s e t s .  W h i l e  t h e  f a c e  w a s  m a r k e d l y  l e s s  s e n s i t i v e  t o  r e s o l u t i o n  r e d u c t i o n ,  i t  o n l y  

s l i g h t l y  p r e f e r r e d  t h e  d e f a u l t  s e g m e n t e d  r e s o l u t i o n s ,  t y p i c a l l y  1 5 0  x  1 5 0 .  T h i s  i s  d u e  

t o  t e x t u r e  p a t t e r n s  o f  r e l a t i v e l y  v a r i a b l e  s i z e  ( c o n t o u r s  a n d  p o r e s  c o m p a r e d  t o  e y e s  a n d  

n o s e ) .  T h e  i r i s  w a s  s i m i l a r l y  a d a p t a b l e  t o  r e s i z i n g ,  b u t  o n l y  w h e n  e n l a r g i n g  t h e  i m a g e s ,  

a s  r e d u c i n g  t h e  a l r e a d y  f i n e  t e x t u r e  p a t t e r n  r e s u l t e d  i n  l o s s  o f  d i s c r i m i n a t o r y  i n f o r m a t i o n .  

A n  e x c e p t i o n  w a s  w i t h  t h e  I I T D - I r i s  d a t a s e t ,  w h i c h  w a s  c a p t u r e d  u s i n g  a  l o w  D P I  s e n s o r  

r e s u l t i n g  i n  l e s s  f i n e  t e x t u r e s .  F a c e  a n d  i r i s  c o m b i n a t i o n s  t h u s  p e r f o r m  o p t i m a l l y  a t  

s e g m e n t e d  r e s o l u t i o n s .  E i g e n ,  F i s h e r  a n d  S V M  n e t  h i g h e r  i m p r o v e m e n t s  f r o m  f u s i o n  

t h a n  L B P H  s u g g e s t i n g  t h a t  t h e y  a g g r e g a t e  f e a t u r e s  m o r e  e f f e c t i v e l y .  H o w e v e r ,  t h e y  a r e



Chapter 9. Proposed Feature-Fusion Bimodal Recognition System and Results 197

n o t  a s  f a v o u r e d  w h e n  o p t i m a l  r e s o l u t i o n s  a r e  v a s t l y  d i f f e r e n t .

A n  a d v a n t a g e  o f  L B P H  is  t h a t  i t  g e n e r a l l y  p r e f e r s  t h e  d e f a u l t  s e g m e n t e d  r e s o l u t i o n  o f  1 5 0  x  

1 5 0  a n d  i s  l e s s  a f f e c t e d  b y  d i f f e r e n c e s  i n  r e s o l u t i o n  o f  v a r i o u s  b i m o d a l  c o m p o n e n t s  t h a n  

o t h e r  c l a s s i f i e r s .  T h e  c o n s i s t e n c y  o f  r e s o l u t i o n  s i z e  i s  a  p r o m i s i n g  t r a i t  o f  L B P H  a s  i t  a l l o w s  

f o r  g r e a t e r  c o m p a t i b i l i t y  a m o n g  i m a g e - b a s e d  m o d a l i t i e s .  H o w e v e r ,  t h i s  i s  a s s o c i a t e d  w i t h  

f r e q u e n t  a d d i t i o n a l  p a r a m e t e r  t u n i n g  f o r  a  p a r t i c u l a r  m o d a l i t y  a n d  r e s o l u t i o n .  T h i s  m e a n s  

t h a t  g e n e r a l l y  m o r e  p r e p a r a t i o n  i s  r e q u i r e d  t o  a c h i e v e  o p t i m a l  p e r f o r m a n c e  i n  r e a l - w o r l d  

a p p l i c a t i o n s .  F u r t h e r m o r e ,  L B P H  p e r f o r m s  p o o r l y  w h e n  u s i n g  F A  o n  f a c e ,  p a l m p r i n t  a n d  

i r i s  b i m o d a l  c o m b i n a t i o n s .  T h e  p a r t i c u l a r  c o m b i n a t i o n  o f  t h e  f a c e  a n d  i r i s  r e s u l t s  i n  p o o r  

p e r f o r m a n c e  u n d e r  a l l  t e s t e d  c o n d i t i o n s  ( u s i n g  L B P H ) .  A n  e x c e p t i o n  i s  t h e  p a l m p r i n t  a n d  

i r i s ,  a s  L B P H  is  f a v o u r e d  w h e n  t h e  f i n g e r p r i n t  o r  p a l m p r i n t  i s  a  c o m p o n e n t  o f  t h e  f u s i o n .

S o m e  c l a s s i f i e r  t r e n d s  c h a n g e  w h e n  c o m p a r i n g  s i n g l e  m o d a l i t y  e x p e r i m e n t s  w i t h  t h e i r  

f u s i o n  c o u n t e r p a r t s ,  s u c h  a s  L B P H  a c h i e v i n g  p o o r  D I R  f o r  F P I R  <  1 %  i n  s i n g l e  m o d a l i t y  

e x p e r i m e n t s ,  b u t  t h i s  n o  l o n g e r  b e i n g  t h e  c a s e  w h e n  u s i n g  f u s e d  m o d a l i t i e s .  E i g e n  a n d  

F i s h e r ,  h o w e v e r ,  p e r f o r m e d  p o o r l y  o n  t h e  f i n g e r p r i n t  a n d  p a l m p r i n t  c o m b i n a t i o n s  a s  w e l l  

a s  t h e  s i n g l e  m o d a l i t y  e x p e r i m e n t s .  F u s i n g  b y  F C  o u t p e r f o r m s  F A  i n  a l l  b u t  f a c e  a n d  i r i s  

f u s i o n .  F u r t h e r m o r e ,  S V M  a c h i e v e s  s i m i l a r  p e r f o r m a n c e  w h e n  u s i n g  e i t h e r  F A  o r  F C  f o r  

t h e  p a l m p r i n t  a n d  i r i s .  S V M  p e r f o r m s  c o n s i s t e n t l y  f o r  b o t h  i n d i v i d u a l  a n d  f u s e d  d a t a s e t s  

a n d  a c h i e v e s  t h e  b e s t  p e r f o r m a n c e  f o r  f u s e d  d a t a s e t s  w h e n  u s i n g  t h e  F C  m e t h o d .  T h i s  

i s  e s p e c i a l l y  t h e  c a s e  w h e n  t h e  f i n g e r p r i n t  i s  o n e  o f  t h e  f u s e d  c o m p o n e n t s .  E i g e n  a n d  

F i s h e r  a c h i e v e  s i m i l a r  a c c u r a c i e s ,  a l t h o u g h  F i s h e r  o f t e n  p e r f o r m s  b e t t e r  w h e n  u s i n g  t h r e e  

t r a i n i n g  s a m p l e s  o f  g o o d  q u a l i t y .

9.11 Summary

T h e  i n d i v i d u a l  d a t a s e t s  w e r e  f u s e d  i n  b i m o d a l  c o m b i n a t i o n s ,  w i t h  t h e i r  o p e n - s e t  i d e n t i f i 

c a t i o n  a c c u r a c y  t e s t e d  u s i n g  t h e  s a m e  m e t h o d  a s  t h e  e x p e r i m e n t s  o n  t h e  s i n g l e  m o d a l i t y  

d a t a s e t s .  T h e  i n t e r a c t i o n s  o f  b i m o d a l  c o m b i n a t i o n s  w e r e  n o t e d .  F u s i n g  t h e  d a t a s e t s  u s i n g  

t h e  F C  m e t h o d  i m p r o v e d  t h e  a c c u r a c y  o v e r  t h e  b e s t  p e r f o r m i n g  c o m p o n e n t  e v e n  w h e n
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t h e  i n d i v i d u a l  p e r f o r m a n c e s  o f  m o d a l i t i e s  w e r e  v a s t l y  d i f f e r e n t ,  e x c e p t  f o r  t w o  c o m b i n a 

t i o n s .  T h e  f i r s t  i s  t h e  F V C 2 0 0 4  a n d  I I T D - I r i s  c o m b i n a t i o n  i n  D a t a s e t  D ,  w h i c h  a c h i e v e d  

a p p r o x i m a t e l y  a  3 %  l o w e r  D I R  o n  a v e r a g e  t h a n  t h e  d o m i n a n t  I I T D - I r i s  c o m p o n e n t  f o r  

a l l  c l a s s i f i e r s .  F o r  t h e  F V C 2 0 0 4  a n d  P U T  c o m b i n a t i o n  i n  D a t a s e t  E ,  t h e  1 0 0 %  a c c u r a c y  

a t  F P I R  =  0 %  u s i n g  t h e  P U T  d a t a s e t  d r o p p e d  b y  5 %  w h e n  f u s i n g  f o r  L B P H  a n d  a t  m o s t  

b y  0 . 4 %  f o r  t h e  o t h e r  c l a s s i f i e r s .  E x c l u d i n g  t h e s e  t w o  e x c e p t i o n s ,  t h e  f e a t u r e - c l a s s i f i e r  

c o m b i n a t i o n s  i m p l e m e n t e d  a r e  p r o m i s i n g  s i n c e  t h e  i m p r o v e m e n t s  r e s u l t i n g  f r o m  e s p e 

c i a l l y  t h e  L B P V L  f e a t u r e  e x t r a c t o r  o n  E i g e n ,  F i s h e r  a n d  S V M  is  s u b s t a n t i a l  ( a s  s h o w n  

i n  S e c t i o n  5 . 3 . 2 )  a n d  p r o v e d  t o  b e  e f f e c t i v e  o n  a l l  f o u r  b i o m e t r i c  m o d a l i t i e s .  T h e  r e s u l t s  

w h e n  u s i n g  L B P V L  a n d  S V M  w e r e  p a r t i c u l a r l y  c o n s i s t e n t  a n d  t h e  b e s t  p e r f o r m i n g  o n  

a v e r a g e  F P I R ,  i n  t h e  m a j o r i t y  o f  e x p e r i m e n t s .  T h e  n e x t  c h a p t e r  d r a w s  c o n c l u s i o n s  f r o m  

t h e  f e a t u r e - c l a s s i f i e r  i n t e r a c t i o n s  a n d  s h o w s  h o w  t h e  c l a s s e s  ( i n d i v i d u a l s )  a f f e c t  p e r f o r 

m a n c e  o f  b i o m e t r i c  s y s t e m s  i n  a n  e f f o r t  t o  a v o i d  l o s s  o f  a c c u r a c y  a s  i s  t h e  c a s e  w i t h  t h e  

t w o  c o m b i n a t i o n s  w i t h i n  D a t a s e t s  D  a n d  E .



Chapter 10

Improving Feature-Fusion Accuracy 

through Weighted Modalities and 

Specific Guidelines

T h i s  c h a p t e r  d i s c u s s e s  t h e  v a r i o u s  c o n d i t i o n s  t h a t  a f f e c t  i m a g e - b a s e d  b i o m e t r i c  r e c o g n i 

t i o n  b a s e d  o n  t h e  e x t e n s i v e  e x p e r i m e n t a t i o n  c a r r i e d  o u t  i n  C h a p t e r s  4  t o  9 .  T o  a c h i e v e  

o p t i m a l  f e a t u r e - f u s i o n  r e s u l t s  u n d e r  v a r i o u s  c o n d i t i o n s ,  w e i g h t e d  f u s i o n  i s  c o n s i d e r e d  a n d  

r e s u l t s  f r o m  f i n a l  e x p e r i m e n t a t i o n  a r e  r e p o r t e d  o n  a  p e r  c l a s s  b a s i s .  A  n u m b e r  o f  f e a t u r e -  

f u s i o n  g u i d e l i n e s  a r e  d o c u m e n t e d  i n  a n  a t t e m p t  t o  i m p r o v e  b i o m e t r i c  f u s i o n  a c c u r a c y  a n d  

a p p l i c a b i l i t y  u n d e r  a  v a r i e t y  o f  c o n d i t i o n s  f o r  f u t u r e  s y s t e m s .

10.1 Trends and Commonalities Identified in Features 

and Classifiers

T h e  a n a l y s e s  o f  t h e  c o m p r e h e n s i v e  s e t  o f  e x p e r i m e n t s  c o v e r e d  i n  p r e v i o u s  c h a p t e r s ,  i n 

c l u d i n g  p a r a m e t e r  t u n i n g ,  a r e  a g g r e g a t e d  s u c h  t h a t  t h e  r e s p e c t i v e  f a v o u r e d  c o n d i t i o n s  o f  

f e a t u r e s  a n d  c l a s s i f i e r s  f o r  b o t h  u n i m o d a l  a n d  b i m o d a l  b i o m e t r i c  s y s t e m s  c a n  s e r v e  a s  

g u i d e l i n e s  f o r  f u t u r e  b i o m e t r i c  s y s t e m s .  S o m e  o f  t h e s e  t r e n d s  a r e  d o c u m e n t e d  b e l o w .

199
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10.1.1 General Unimodal Observations

T h e  f o l l o w i n g  o b s e r v a t i o n s  w e r e  n o t e d  t h r o u g h o u t  u n i m o d a l  e x p e r i m e n t a t i o n .  T h e  n e w  

L B P V L  f e a t u r e  e x t r a c t i o n  a p p r o a c h  a l l o w s  E i g e n ,  F i s h e r  a n d  S V M  t o  c l e a r l y  o u t p e r f o r m  

m o s t  r e l a t e d  s y s t e m s .  O p e n - s e t  i d e n t i f i c a t i o n  s y s t e m s  s e e m  t o  b e n e f i t  p a r t i c u l a r l y  f r o m  

t h e  u s e  o f  S V M  f o r  e f f e c t i v e  d i s c r i m i n a t i o n  a g a i n s t  i m p o s t o r s .  T h e  f o l l o w i n g  p r o p e r t i e s  

w e r e  n o t e d  t h a t  e n c o u r a g e  h i g h  o p e n - s e t  i d e n t i f i c a t i o n  a c c u r a c y :

•  T h e  i m a g e  s e g m e n t a t i o n  p r o c e s s  s h o u l d  a i m  t o  c a p t u r e  a l l  u n i q u e  f e a t u r e s  f o r  l o w e r  

F N I R .

•  A p p r o p r i a t e  f e a t u r e  e x t r a c t i o n  a f t e r  t h e  s e g m e n t a t i o n  p r o c e s s  i s  i m p e r a t i v e  f o r  

E i g e n ,  F i s h e r  a n d  S V M .

•  H i g h  i n t e r - c l a s s  s e p a r a t i o n  i s  d e p e n d e n t  o n  b o t h  t h e  c l a s s i f i e r  a n d  s e g m e n t e d  r e g i o n .

•  L o w  i n t r a - c l a s s  s e p a r a t i o n  h e l p s  p r e v e n t  o v e r f i t t i n g  o f  a l l  c l a s s i f i e r s  a n d  r e d u c e s  

i m p o s t o r  a c c e p t a n c e .  T h i s  i s  e s p e c i a l l y  b e n e f i c i a l  t o  F i s h e r  r e c o g n i t i o n  p e r f o r m a n c e .

•  I f  a n y  o n e  o f  t h e  a b o v e  i s  p o o r l y  i m p l e m e n t e d ,  a  l o w  D I R  i s  l i k e l y .

10.1.2 General Bimodal Observations

• F u s i o n  l o w e r s  F N I R  m o r e  t h a n  F P I R  d u e  t o  t h e  i n c r e a s e  i n  u n i q u e  f e a t u r e s  a n d  

r e s u l t s  i n  b e t t e r  i n t e r - c l a s s  s e p a r a t i o n .

•  T h e  F A  a n d  F C  f u s i o n  m e t h o d s  h a v e  s i m i l a r  o p t i m a l  r e s o l u t i o n s  p e r  m o d a l i t y .

•  F C  o u t p e r f o r m s  F A  i n  t h e  m a j o r i t y  o f  t h e  b i m o d a l  e x p e r i m e n t s .

•  S V M  p e r f o r m s  t h e  b e s t  o n  a v e r a g e  a n d  i s  n o t i c e a b l y  b e t t e r  t h a n  t h e  o t h e r  c l a s s i f i e r s  

w h e n  u s i n g  F C  a n d  w h e n  i m p o s t o r  r e j e c t i o n  i s  i m p e r a t i v e .

•  B o t h  F A  a n d  ( t o  a  l e s s e r  e x t e n t )  F C  c a n  a c h i e v e  l o w e r  a c c u r a c y  t h a n  t h e  d o m i n a n t  

c o m p o n e n t  w h e n  t h e  q u a l i t y  o f  t h e  t w o  f u s i o n  c o m p o n e n t s  i s  u n b a l a n c e d .
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10.1.3 Classifier Preference in Image-based Biometric Systems

E x p e r i m e n t s  r e v e a l e d  t h a t  t h e  E i g e n ,  F i s h e r  a n d  S V M  c l a s s i f i e r s  o p e r a t e  e f f e c t i v e l y  a t  

s i m i l a r  r e s o l u t i o n s  f o r  s p e c i f i c  m o d a l i t i e s .  T h e  f i n g e r p r i n t  a n d  p a l m p r i n t  g e n e r a l l y  p r e f e r  

l o w  r e s o l u t i o n s  i n  t h e  v i c i n i t y  o f  5 0  x  5 0 ,  w h i l e  t h e  f a c e  a n d  i r i s  r e c o g n i t i o n  s y s t e m s  p r e f e r  

i m a g e s  c l o s e r  t o  t h e i r  s e g m e n t e d  r e s o l u t i o n s .  L B P H  a l s o  p r e f e r s  t h e  s e g m e n t e d  r e s o l u t i o n s  

a n d  h a s  r e l a t i v e l y  g o o d  p e r f o r m a n c e  ( c o m p a r e d  w i t h  t h e  o t h e r  c l a s s i f i e r s )  w i t h o u t  f e a t u r e  

e x t r a c t i o n  t e c h n i q u e s  s u c h  a s  L o G ,  a n d  t h e  p r o p o s e d  L B P V L  a n d  L B P L .  H o w e v e r ,  L B P H  

i s  c o n s i s t e n t l y  a  p o o r  p e r f o r m e r  o n  f a c e  d a t a  r e l a t i v e  t o  t h e  o t h e r  c l a s s i f i e r s ,  r e g a r d l e s s  

o f  t h e  f e a t u r e  e x t r a c t i o n  a l g o r i t h m  u s e d .  I t  i s  n o t e w o r t h y  t h a t  m a n y  o f  t h e  f e a t u r e - l e v e l  

f u s i o n  r e l a t e d  s t u d i e s  ( Y a o  e t  a l . , 2 0 0 7 , A h m a d  e t  a l . , 2 0 1 0 , R a t t a n i  e t  a l . , 2 0 1 1 )  d o  n o t  

u s e  a d d i t i o n a l  f e a t u r e  e x t r a c t i o n  t e c h n i q u e s  a n d  r e l y  s o l e l y  o n  t h e  c l a s s i f i e r  f o r  f e a t u r e  

r e d u c t i o n .  W h i l e  t r a i n i n g  a n d  t e s t  s p e e d s  w e r e  m e a s u r e d  f o r  a l l  c l a s s i f i e r s ,  d i s c u s s i n g  o f  

t i m i n g s  a r e  b e y o n d  t h e  s c o p e  o f  t h i s  r e s e a r c h .

T h e  f o l l o w i n g  c l a s s i f i e r - s p e c i f i c  t r a i t s  w e r e  a l s o  i d e n t i f i e d .

•  E i g e n :  P o o r  r e s u l t s  a r e  a c h i e v e d  i f  f e a t u r e s  o f  t h e  s e g m e n t e d  i m a g e  a r e  n o t  s i g n i f i 

c a n t l y  r e d u c e d  w i t h  f e a t u r e  e x t r a c t i o n  m e t h o d s  o t h e r  t h a n  t h o s e  i n h e r e n t  t o  E i g e n  

( i . e . ,  P C A ) .  T h i s  c l a s s i f i e r  p e r f o r m s  c o n s i s t e n t l y  w h e n  u s e d  a f t e r  f e a t u r e  e x t r a c t i o n  

m e t h o d s  s u c h  a s  L o G  f i l t e r s  a n d  o t h e r  v a r i a n t s  p r o p o s e d  i n  t h i s  r e s e a r c h .  H o w 

e v e r ,  E i g e n  h a s  t h e  s l o w e s t  t r a i n i n g  t i m e  a n d  l a r g e s t  s p a c e  r e q u i r e m e n t s  o f  t h e  f o u r  

c l a s s i f i e r s  a n d  i s  g r e a t l y  a f f e c t e d  b y  r e s o l u t i o n  v a r i a n c e s .

•  F i s h e r :  P e r f o r m a n c e  t r e n d s  a r e  s i m i l a r  t o  E i g e n  e x c e p t  f o r  t h e  f o l l o w i n g  d i f f e r e n c e s .  

F i s h e r  o f t e n  s u r p a s s e s  E i g e n  w i t h  g o o d  t r a i n i n g  d a t a  a n d  i s  g e a r e d  t o w a r d  b i o m e t r i c  

s y s t e m s  t h a t  r e q u i r e  l o w  d i m e n s i o n a l i t y  d a t a ,  t h e r e b y  p r o d u c i n g  s m a l l e r  t r a i n i n g  

m o d e l s ,  l o w e r  t r a i n i n g  t i m e s ,  a n d  t h e  b e s t  t e s t  t i m e  o f  t h e  f o u r  c l a s s i f i e r s .  H o w e v e r ,  

b a d  t r a i n i n g  d a t a  o r  h i g h  i n t r a - c l a s s  v a r i a n c e  o f t e n  l e a d s  t o  i n s i g n i f i c a n t  a c c u r a c y  

i m p r o v e m e n t s  o r  e v e n  w o r s e  a c c u r a c y  w h e n  u s i n g  m o r e  t r a i n i n g  s a m p l e s  ( b a d  m o d e l  

s c a l i n g  c a u s e s  o v e r f i t t i n g ) .  T h i s  n e g a t i v e  e f f e c t  i s  l e s s e n e d  w h e n  i n t e r - c l a s s  v a r i a n c e  

i s  h i g h .  T h i s  c l a s s i f i e r  i s  a l s o  g r e a t l y  a f f e c t e d  b y  r e s o l u t i o n  v a r i a n c e s .
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• L B P H :  T h i s  c l a s s i f i e r  a c h i e v e s  t h e  b e s t  a c c u r a c y  f o r  a l l  m o d a l i t i e s  w h e n  a d d i t i o n a l  

f e a t u r e  e x t r a c t i o n  i s  n o t  p e r f o r m e d  b e f o r e  c l a s s i f i c a t i o n .  I t  a l s o  c o n s i s t e n t l y  p r o 

d u c e s  t h e  b e s t  r e s u l t s  f o r  t h e  f i n g e r p r i n t  a n d  p a l m p r i n t .  L B P H  h a s  t h e  f a s t e s t  

t r a i n i n g  t i m e  w i t h  t h e  s m a l l e s t  m o d e l  s i z e  ( f r a c t i o n  o f  t h e  r e s t ) ,  b u t  t h e  s l o w e s t  t e s t  

t i m e ,  w h i c h  b e c o m e s  m u c h  s l o w e r  w h e n  i n c r e a s i n g  t h e  n e i g h b o u r h o o d  p a r a m e t e r  

b e y o n d  s i x .  L B P H  d o e s  n o t  s c a l e  a s  w e l l  a s  t h e  o t h e r  c l a s s i f i e r s  w h e n  g i v e n  m o r e  

t r a i n i n g  s a m p l e s .  I t  p r e f e r s  t h e  d e f a u l t  s e g m e n t e d  r e s o l u t i o n  i n  a l l  c a s e s .  F o r  b o t h  

t y p e s  o f  f u s i o n ,  a  l a r g e  r a d i u s  o f  1 2  a n d  s i x  n e i g h b o u r s  y i e l d s  t h e  b e s t  p e r f o r m a n c e  

f o r  a l l  d a t a s e t s .  S i m i l a r  p a r a m e t e r s  ( w h e n  n e i g h b o u r s  >  6 )  y i e l d  s i g n i f i c a n t l y  l o w e r  

r e c o g n i t i o n  ( a n d  p r o c e s s i n g )  p e r f o r m a n c e  f o r  s i n g l e  m o d a l i t i e s .  L B P H  p r o d u c e s  r e l 

a t i v e l y  p o o r  r e s u l t s  f o r  t h e  f a c e ,  b u t  o f t e n  c l a s s i f i e s  t h e  b e s t  a t  l o w e r  F P I R  v a l u e s  f o r  

F A .  L B P H  is  p r e f e r r e d  i n  i d e n t i f i c a t i o n  s y s t e m s  t h a t  r e q u i r e  r e g u l a r  c l a s s  u p d a t i n g ,  

a s  i t  d o e s  n o t  r e q u i r e  r e t r a i n i n g  d a t a  a l r e a d y  p r e s e n t  i n  t h e  t r a i n i n g  m o d e l .

•  S V M :  T h e  l i n e a r  S V M  t h a t  h a s  b e e n  u s e d  i n  t h i s  r e s e a r c h  i s  k n o w n  t o  h a n d l e  

h i g h  d i m e n s i o n a l i t y  d a t a  r e l a t i v e l y  w e l l  c o m p a r e d  t o  o t h e r  p o p u l a r  c l a s s i f i e r s .  E x 

p e r i m e n t s  r e v e a l e d  t h a t  i t  a c h i e v e s  m a r g i n a l l y  b e t t e r  p e r f o r m a n c e  o v e r  E i g e n  a n d  

F i s h e r  w h e n  n o t  u s i n g  p r i o r  a d d i t i o n a l  f e a t u r e  e x t r a c t i o n ,  a n d  y e t  i t s  r e c o g n i t i o n  o f  

i m a g e - b a s e d  b i o m e t r i c  p a t t e r n s  i m p r o v e s  s i g n i f i c a n t l y  w i t h  t h e  u s e  o f  L B P V L .  A d 

d i t i o n a l l y ,  i t  s h o w s  c o n s i s t e n t  p e r f o r m a n c e  a c r o s s  a l l  s i n g l e  m o d a l i t i e s  a n d  b i m o d a l  

c o m b i n a t i o n s .  S i n c e  t h e  m u l t i - t h r e a d e d  l i n e a r  v e r s i o n  i s  u s e d ,  t r a i n i n g  t i m e  i s  l o w e r  

t h a n  f o r  E i g e n  a n d  F i s h e r ,  w h i l e  t h e  t e s t  t i m e  i s  s e c o n d  t o  F i s h e r .  S V M  p e r f o r m s  

w e l l  w i t h  o n l y  a  s i n g l e  s a m p l e  o f  t r a i n i n g  d a t a ,  b u t  s c a l e s  s i m i l a r  t o  E i g e n  w i t h  m o r e  

d a t a .  M o r e o v e r ,  S V M  s t r o n g l y  p r e f e r s  F C  f u s i o n  i n  t h e  m a j o r i t y  o f  c a s e s .  F i n a l l y ,  

i t  i s  l e s s  a f f e c t e d  b y  r e s o l u t i o n  t h a n  t h e  o t h e r  c l a s s i f i e r s .
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T a b l e  1 0 . 1 :  S u m m a r y  o f  f e a t u r e - f u s i o n  g u i d e l i n e s .

Stage Name Advantage Disadvantage Suggested Use

Pixel R educes inconsistent lighting. N ot very effective for big changes in A ll biom etrics affected by  lighting. The

N orm alization lighting. first step o f quality  enhancem ent.

Histogram R educes inconsistent lighting. M inor histogram  distortion. Introduces B iom etrics affected by  lighting.

Equalization som e noise. H istogram -shape invariant classifiers such 

as Eigen and Fisher.

NL-m eans D enoises and preserves edges. Can rem ove fine texture. Use before P oincare index and other

Filter algorithm s that do  not rely on fine

texture but on  a distinct collection  of

patterns.

Feature
L o G  Filter Im proves feature Requires consistent lighting. Rem ove noise in the upper and lower

Norm alization
discrim ination, before frequencies before fusion.

and E xtraction
transform ing features for

classification.

M od ified  E L B P M inim ises inconsistent Introduces noise and thus does not B iom etrics affected by  lighting. Com bine

O perator lighting. benefit images with consistent lighting. w ith feature extractor such as L oG  

(L B P L ) for classifiers that require low 

dim ensionality for optim al fitting -  

particularly  im portant when fusing 

features and often outperform s HEL.

M od ified Same benefits as E L B P  but Used as a feature extractor, L B P V L  is B iom etrics affected by  lighting. Same as

E L B P V w ithout in troducing noise. outperform ed by  H EL in on ly  one case, ELBP.

O perator but gives im proved results over L BPL.

Eigen Classifier L o G  and m odified E L B P V Slow training on large datasets. Prefers sm all discrim inative image

supplem ent this classifier. Relatively  high dim ensionality. regions for low  dim ensionality. Useful for 

b oth  single and fused im age-based 

b iom etrics.

Fisher Similar to  Eigen, bu t with a Requires m ore consistent intra-class data W h en  dim ensionality is to o  high for

Classifier higher potential a ccuracy with than Eigen. effective Eigen m odelling and data

g o o d  data and lowers quality  is above average.

Feature dimensionality.

Transform ation

and
L B P H R ob u st to  m isalignm ent in Benefits the least from  feature extraction G eneral purpose classifier. D istinct

Classification
Classifier general. m ethods and perform s relatively poorly texture patterns -  fingerprint and

on the face m odality. O ften requires palm print. A pplications with low  storage

param eter tuning per application. requirem ents.

S V M  Linear Similar to  Eigen perform ance Effectively aggregating training samples Single training sam ple applications.

Classifier and often b etter single training 

sam ple perform ance. Faster 

training and testing than 

Eigen.

is less trivial than the other classifiers. W h en  using F C  fusion m ethod.

FA Lower dim ensionality -  same Lower accuracy and consistency. Useful for larger dataset identification -

vector size as single m odality. high population  perform ing m illions o f

m atches. Useful to  reduce the

dim ensionality for fusing m odalities with
Fusion M ethod

FC Im proves accuracy  with Higher dim ensionality -  increases

large optim al resolutions like face and 

iris.

Useful for high security and smaller

consistency. training and test times. popu la tion  size.
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10.2 DIR by Class

T h i s  s e c t i o n  p r o v i d e s  t h e  S V M  c l o s e d - s e t  i d e n t i f i c a t i o n  r e s u l t s  p e r  i n d i v i d u a l  ( c l a s s )  a s  t h e  

n u m b e r  o f  c o r r e c t  m a t c h e s  a n d  a v e r a g e  I R  p e r  m o d a l i t y  a n d  f u s i o n  m e t h o d .  M o r e o v e r ,  

t h e s e  e x p e r i m e n t a l  r e s u l t s  a r e  c o r r e l a t e d  w i t h  v i s u a l  s a m p l e  q u a l i t y  i n d i c a t o r s ,  s u c h  t h a t  

w e i g h t e d  m o d a l i t y  f u s i o n  c a n  b e  e f f e c t i v e l y  i m p l e m e n t e d .

T h e  S D U M L A  i s  a  ( t r u e )  m u l t i m o d a l  b i o m e t r i c  d a t a s e t  c o n s i s t i n g  o f  t h e  f i n g e r p r i n t ,  f a c e ,  

i r i s  a n d  v a r i o u s  o t h e r  b i o m e t r i c s  o f  t h e  s a m e  1 0 6  s u b j e c t s  b u t  l a c k i n g  t h e  h a n d / p a l m -  

p r i n t .  T h e  f i r s t  5 3  s u b j e c t s  a n d  f i v e  s a m p l e s  o f  t h e  S D U M L A  f i n g e r p r i n t ,  f a c e  a n d  i r i s  a n d  

C A S I A - P a l m p r i n t  d a t a s e t  a r e  h e n c e  r a n k e d  i n d i v i d u a l l y  a n d  w i t h  f u s e d  b i m o d a l  c o m b i 

n a t i o n s .  O f  t h e s e  f i v e  s a m p l e s ,  o n l y  a  s i n g l e  t r a i n i n g  s a m p l e  i s  u s e d  t o  p r e d i c t  t h e  c l a s s  

o f  t h e  r e m a i n i n g  f o u r  s a m p l e s ,  f o r  a l l  e x p e r i m e n t s  t h a t  f o l l o w .

I n  C h a p t e r s  5  t o  9 , t h e  e f f e c t  o f  i m a g e  q u a l i t y  o n  r e c o g n i t i o n  a c c u r a c y  w a s  e v a l u a t e d  u s i n g  

d a t a s e t s  t h a t  i n c l u d e  v i e w i n g  a n g l e ,  d i s t a n c e  a n d / o r  l i g h t i n g  e t c .  T h i s  w a s  b a s e d  o n  t h e i r  

r e p o r t e d  a c q u i s i t i o n  p r o c e d u r e  o r  m e t a d a t a .  I n  t h i s  c h a p t e r ,  i m a g e  q u a l i t y  o b s e r v a t i o n s  

a r e  r e p o r t e d  b y  u s i n g  v i s u a l  i n s p e c t i o n  b e c a u s e  o f  t h e  d i f f e r i n g  q u a l i t y  s t a n d a r d s  a m o n g  

v a r i o u s  m o d a l i t i e s .  H o w e v e r ,  o p t i m a l  r e s o l u t i o n  v a l u e s  p e r  m o d a l i t y ,  t h a t  w e r e  s y s t e m 

a t i c a l l y  a c q u i r e d  d u r i n g  e x p e r i m e n t a t i o n ,  a r e  a l s o  p r o v i d e d  i n  T a b l e  1 0 . 2 . T h e  t a b l e  

s h o w s  t h a t  t h e  f i n g e r p r i n t  a n d  p a l m p r i n t  g e n e r a l l y  p r e f e r  l o w  r e s o l u t i o n s  i n  t h e  v i c i n i t y  o f  

5 0  x  5 0 ,  w h i l e  t h e  f a c e  a n d  i r i s  r e c o g n i t i o n  s y s t e m s  p r e f e r  i m a g e s  c l o s e r  t o  t h e i r  s e g m e n t e d  

r e s o l u t i o n s .  T h i s  i s  a p p a r e n t  i n  t e r m s  o f  i n d i v i d u a l  a n d  f u s e d  r e s o l u t i o n s .  F u r t h e r m o r e ,  

t h e  v a l u e s  i n  t h e  t a b l e  c o r r e s p o n d  w i t h  t h e  o b s e r v a t i o n s  r e c o r d e d  i n  S e c t i o n  9 . 1 0 .

T h e  S V M ’ s  c l a s s i f i c a t i o n  p e r f o r m a n c e  o f  i n d i v i d u a l  s a m p l e s  p e r  c l a s s  i s  u s e d  i n  t h i s  s e c 

t i o n  t o  d e t e r m i n e  t h e  w o r s t  r a n k e d  c l a s s e s  p e r  F A  a n d  F C .  E a c h  t a b l e  p e r  m o d a l i t y  

c o m b i n a t i o n  s h o w s  t h e  n u m b e r  o f  c o r r e c t  m a t c h e s  p e r  c l a s s  f o r  t h e  F C  m e t h o d ,  i n  o r d e r  

o f  a s c e n d i n g  r a n k ,  w i t h  a  c o r r e s p o n d i n g  F A  r e s u l t  ( n o t  n e c e s s a r i l y  i n  a s c e n d i n g  o r d e r ) .  

S e p a r a t e  r a n k s  p e r  c l a s s  a r e  s h o w n  t o  t h e  r i g h t  w i t h  r e s p e c t  t o  F C  a n d  F A  m e t h o d s .  

O n l y  t h e  1 0  w o r s t  r e s u l t s  a r e  p r o v i d e d  p e r  m e t h o d .  H o w e v e r ,  i f  F C  a c h i e v e s  i t s  b e s t  

r e s u l t  ( f o u r  c o r r e c t )  b e f o r e  r e a c h i n g  r a n k  1 0 ,  t h e  r e m a i n i n g  r e s u l t s  a r e  d i s p l a y e d  i n  o r d e r
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T a b l e  1 0 . 2 :  O p t i m a l  r e s o l u t i o n s  u s e d  f o r  m o d a l i t i e s  a n d  f u s e d  c o m b i n a t i o n s .

M o d a l i t y  R e s o l u t i o n

F i n g e r p r i n t 5 0 x 5 0

F a c e 2 0 0 x 2 0 0

P a l m p r i n t 5 0 x 5 0

I r i s 1 0 0 x 1 0 0

F i n g e r p r i n t  +  F a c e 5 0 x 5 0

F i n g e r p r i n t  +  P a l m p r i n t 5 0 x 5 0

F i n g e r p r i n t  +  I r i s 6 5 x 6 5

F a c e  +  P a l m p r i n t 5 0 x 5 0

F a c e  +  I r i s 1 5 0 x 1 5 0

P a l m p r i n t  +  I r i s 6 5 x 6 5

o f  a s c e n d i n g  r a n k  b y  F A .  T h e r e f o r e ,  c l a s s e s  t h a t  r a n k  g r e a t e r  t h a n  1 0  a r e  i n d i c a t e d  b y  

“ - ”  a s  a n  o m i t t e d  r e s u l t .  T h e  a n a l y s i s  p e r  t a b l e  o f  r e s u l t s  i s  n o t  r e p e a t e d  f o r  d u p l i c a t e  

c l a s s e s  o f  t h e  s a m e  m o d a l i t y  a s  t h e r e  i s  n o  c h a n g e .  W h e r e  v i s u a l  c o m p a r i s o n s  a r e  m a d e ,  

t h e  c o r r e s p o n d i n g  s e g m e n t e d  i m a g e s  w i t h  o r i g i n a l  l i g h t i n g  a r e  p r o v i d e d  f o r  t h e  r e a d e r  i n  

A p p e n d i x  A . I n  t h i s  c h a p t e r ,  t h e  b e t t e r  p e r f o r m i n g  b i m o d a l  c o m p o n e n t  w i t h  a n  a v e r a g e  

I R  t h a t  i s  1 0 %  g r e a t e r  t h a n  t h e  o t h e r  m o d a l i t y  i s  r e f e r r e d  t o  a s  t h e  d o m i n a n t  m o d a l i t y ,  

w h i l e  t h e  l a t t e r  i s  r e f e r r e d  t o  a s  t h e  w e a k e r  m o d a l i t y .

10.2.1 Fingerprint and Face

T a b l e  1 0 . 3  s h o w s  t h e  r e s u l t s  f o r  t h e  f i n g e r p r i n t  a n d  f a c e ,  w h e r e  t h e  F C  a n d  F A  m e t h o d s  

a r e  c o m p a r e d .  F C  p e r f o r m s  s i g n i f i c a n t l y  b e t t e r  t h a n  F A  f o r  C l a s s  4 7  a s  i t  a c h i e v e s  t h r e e  

c o r r e c t  m a t c h e s  c o m p a r e d  t o  z e r o .  T h e  c o r r e s p o n d i n g  s i n g l e  m o d a l i t y  f a c e  a n d  f i n g e r p r i n t  

m a t c h e s  a r e  f o u r  a n d  z e r o ,  r e s p e c t i v e l y .  V i s u a l  i n s p e c t i o n  o f  t h e  f i n g e r p r i n t  i m a g e  s a m p l e s  

s h o w e d  g o o d  q u a l i t y  t e s t  i m a g e s ,  b u t  t h e  c o r r e s p o n d i n g  t r a i n i n g  i m a g e  s u f f e r e d  f r o m  

p o o r  l i g h t i n g ,  l o w  c l a r i t y  a n d  m i s a l i g n m e n t .  T h i s  t r e n d  w a s  a l s o  r e c o r d e d  f o r  t h e  M C Y T  

f i n g e r p r i n t  t e s t s ,  w h i c h  a r e  g r o u p e d  a c c o r d i n g  t o  f i n g e r p r i n t  q u a l i t y  u s i n g  h a r d  c o n s t r a i n t s  

d u r i n g  a c q u i s i t i o n  i n s t e a d  o f  v i s u a l l y .  T h e  f i n g e r p r i n t  s a m p l e s  w e r e  a l s o  i n s p e c t e d  f o r  

C l a s s e s  2 3 ,  3 1  a n d  4 9 ,  r e v e a l i n g  t h a t  t h e  t r a i n i n g  s a m p l e s  h a d  g o o d  l i g h t i n g  c o n s i s t e n c y  

b u t  t h e y  w e r e  a l l  p a r t i a l s .  B o t h  F C  a n d  F A  a c h i e v e d  p o o r  a c c u r a c i e s  f o r  t h o s e  c l a s s e s .  F C  

o u t p e r f o r m s  F A  b y  4 % ,  o n  a v e r a g e  f o r  a l l  c l a s s e s .  H o w e v e r ,  t h e  h i g h  a c c u r a c y  o f  t h e  f a c e
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i s  u n m a t c h e d  b y  b o t h  f u s i o n  m e t h o d s  a n d  i s  f u r t h e r  i n v e s t i g a t e d  i n  l a t e r  c o m b i n a t i o n s  

i n v o l v i n g  t h e  f a c e .  O n l y  t h r e e  f a c e  t e s t  i m a g e s  a r e  i n c o r r e c t l y  m a t c h e d  a n d  t h i s  i s  d u e  t o  

t h e  n o t i c e a b l e  f a c i a l  e x p r e s s i o n  d i f f e r e n c e s  a s  s h o w n  i n  A p p e n d i x  A  (  F i g u r e  A . 4 ) .

T a b l e  1 0 . 3 :  I R  p e r  c l a s s  f o r  f i n g e r p r i n t - f a c e  f u s i o n  u s i n g  F A  a n d  F C  i n  a s c e n d i n g  o r d e r  

o f  r a n k  f o r  F C .

C l a s s F i n g e r p r i n t

( 8 4 . 4 % )

F a c e

( 9 8 . 6 % )

F C

( 9 1 . 9 % )

R a n k F A

( 8 7 . 7 % )

R a n k

2 3 0 4 0 1 0 1

3 1 0 4 0 2 0 2

4 9 0 4 1 3 0 3

4 1 4 2 4 1 5

2 6 2 4 3 5 3 7

3 4 3 4 3 6 3 8

4 0 3 4 3 7 1 6

4 7 0 4 3 8 0 4

4 4 3 4 4 - 3 9

5 3 2 4 4 - 3 1 0

10.2.2 Fingerprint and Palmprint

T h e  r e s u l t  w i t h  t h e  g r e a t e s t  d i f f e r e n c e  i n  T a b l e  1 0 . 4  i s  f o r  C l a s s  3 1 ,  a s  F C  a c h i e v e s  f o u r  

c o r r e c t  m a t c h e s  c o m p a r e d  t o  o n l y  o n e  f o r  F A ,  i n d i c a t i n g  t h e  p a l m p r i n t  c l a s s e s  a r e  w e l l  

f i t t e d  w i t h i n  t h e  m o d e l .  T h i s  i s  c o n t r a r y  t o  F C  a c h i e v i n g  z e r o  c o r r e c t  i n  t h e  p r e v i o u s  

t e s t  w h e n  f u s i n g  t h e  s a m e  f i n g e r p r i n t  c l a s s  w i t h  t h e  f a c e  i n s t e a d  o f  t h e  p a l m p r i n t .  W h i l e  

b o t h  t h e  f a c e  a n d  p a l m p r i n t  h a v e  l o w  i n t r a - c l a s s  v a r i a t i o n s  i n  t e r m s  o f  a l i g n m e n t  a n d  

l i g h t i n g ,  a l l  f i v e  f a c e  s a m p l e s  h a v e  v a r y i n g  f a c i a l  e x p r e s s i o n s  c a u s i n g  i n s u f f i c i e n t  i n t e r - c l a s s  

s e p a r a t i o n  a f t e r  f u s i o n .  I n  o t h e r  w o r d s ,  i n t r o d u c i n g  t h e s e  i n a d e q u a t e l y  f i t t e d  f i n g e r p r i n t  

s a m p l e s  -  t h a t  s h a r e  f e a t u r e s  w i t h  s a m p l e s  o f  o t h e r  c l a s s e s  -  d e t r i m e n t s  t h e  c l a s s i f i e r  

m o d e l .  T h i s  r e s u l t  i s  o f  c o n c e r n  a s  i t  s h o w s  t h a t  f u s i n g  t w o  m o d a l i t i e s  o f  c o n f l i c t i n g  q u a l i t y  

c a n  p r o d u c e  a  l e s s e r  a c c u r a c y  t h a n  t h e  m o d a l i t y  w i t h  t h e  b e t t e r  q u a l i t y .  C o n s i d e r i n g  

C l a s s e s  4 ,  2 1  a n d  4 7 ,  F C  a c h i e v e s  t w o  m o r e  c o r r e c t  t h a n  F A  a n d  p e r f o r m s  b e t t e r  t h a n  

F A  f o r  c l a s s e s  t h a t  a r e  n o t  i n  t h e  t o p  t e n ,  t o  p r o d u c e  a n  o v e r a l l  9 4 . 8 %  I R .  B o t h  f u s i o n  

m e t h o d s  a r e  o u t p e r f o r m e d  b y  t h e  s i n g l e  p a l m p r i n t  m o d a l i t y  f o r  C l a s s  2 3 .  H o w e v e r ,  t h i s  

i s  t o  a  l e s s e r  e x t e n t  t h a n  t h e  t e s t  ( C l a s s  2 3 )  r e p e a t e d  i n  T a b l e  1 0 . 3 , b u t  i s  s t i l l  a t t r i b u t e d
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t o  t h e  s a m e  r e a s o n ,  t h a t  i s ,  t h e  f i n g e r p r i n t  s a m p l e s  a r e  p a r t i a l s .  T h e  c l a s s e s  o f  i n t e r e s t  

a r e  p r o v i d e d  i n  A p p e n d i x  A .

T a b l e  1 0 . 4 :  I R  p e r  c l a s s  f o r  f i n g e r p r i n t - p a l m p r i n t  f u s i o n  u s i n g  F A  a n d  F C  i n  a s c e n d i n g  

o r d e r  o f  r a n k  f o r  F C .

C l a s s F i n g e r p r i n t

( 8 4 . 4 % )

P a l m p r i n t

( 7 6 . 9 % )

F C

( 9 4 . 8 % )

R a n k F A

( 8 6 . 3 % )

R a n k

8 4 2 2 1 2 5

2 3 0 3 2 2 1 1

2 3 3 3 3 3 8

7 4 3 3 4 3 9

2 6 2 3 3 5 3 1 0

3 5 1 2 3 6 2 7

4 0 3 3 3 7 3 -

4 2 3 1 3 8 3 -

4 7 0 2 3 9 1 3

3 1 0 4 4 - 1 2

4 1 4 4 - 2 4

2 1 4 1 4 - 2 6

10.2.3 Fingerprint and Iris

T a b l e  1 0 . 5  s h o w s  t h a t  t h e  f i n g e r p r i n t  a n d  i r i s  a c h i e v e  s i m i l a r  a v e r a g e  a c c u r a c i e s .  F C  

a c h i e v e s  a  p e r f e c t  s c o r e  w h e n  u s i n g  a  h i g h  q u a l i t y  i r i s  i m a g e  w i t h  a  l o w  q u a l i t y  f i n g e r p r i n t  

i m a g e .  T h e  r e s u l t  o f  a  p e r f e c t  s c o r e  o r  i m p r o v e d  a c c u r a c y  o v e r  t h e  d o m i n a n t  m o d a l i t y  

i s  a  r e c u r r i n g  t r e n d  a n d  i s  t h u s  r e f e r r e d  t o  a s  A - r a n k  f u s i o n .  W h e n  t h e  f u s i o n  r e s u l t  i s  

e q u a l  t o  t h e  d o m i n a n t  m o d a l i t y ,  i t  i s  r e f e r r e d  t o  a s  B - r a n k  f u s i o n .  V i s u a l  i n s p e c t i o n  o f  

t h e  i r i s  t r a i n i n g  i m a g e  a n d  t h e  t e s t  s a m p l e  s h o w s  h i g h  s i m i l a r i t y .  T h i s  c o r r o b o r a t e s  t h e  

a r g u m e n t  t h a t  F C  c a n  p e r f o r m  o n  p a r  w i t h  t h e  b e t t e r  p e r f o r m i n g  i n d i v i d u a l  m o d a l i t y  f o r  

a  p a r t i c u l a r  c l a s s .  O n  t h e  o t h e r  h a n d ,  F A  o f t e n  u n d e r p e r f o r m s  u n d e r  t h e s e  c o n d i t i o n s  t o  

t h e  p o i n t  o f  r e c u r r i n g  r e d u c t i o n  i n  a c c u r a c y .  A c h i e v i n g  f e w e r  m a t c h e s  t h a n  t h e  d o m i n a n t  

m o d a l i t y  i s  r e f e r r e d  t o  a s  F - r a n k  f u s i o n .  A  c l e a r  e x c e p t i o n  i s  o b s e r v e d  f o r  C l a s s  2 3 ,  

w h e r e  F A  o b t a i n s  a  p e r f e c t  s c o r e  u n d e r  t h e  s a m e  a p p a r e n t  c o n d i t i o n s .  T h i s  i s  s i g n i f i c a n t  

b e c a u s e  C l a s s  2 3  h a s  c o n s i s t e n t l y  o b t a i n e d  F - r a n k  f u s i o n  r e s u l t s  u n t i l  t h i s  o b s e r v a t i o n .  

V i s u a l  i n s p e c t i o n  r e v e a l s  t h a t  t h e  C l a s s  2 3  i r i s  i m a g e s  a r e  i n  f a c t  o f  h i g h  q u a l i t y ,  t h u s
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c o n f i r m i n g  t h e  u n e x p e c t e d  g o o d  p e r f o r m a n c e  b y  F A .  A n o t h e r  p o s s i b i l i t y  i s  t h a t  b e s i d e s  

t h e  s u b j e c t i v e n e s s  o f  v i s u a l  i n s p e c t i o n ,  p e r c e i v i n g  d a t a  c o n d i t i o n s  s u c h  a s  f i n e  t e x t u r e s  

a n d  m o d a l i t y  d i f f e r e n c e s  c a n  b e  p h y s i c a l l y  l i m i t e d  b y  t h e  h u m a n  s e n s e s  a n d  i m a g e  s p a c e .  

F C  s i g n i f i c a n t l y  o u t p e r f o r m s  F A  f o r  t h e  r e m a i n i n g  r e s u l t s ,  a n d  i s  o n  a v e r a g e  8 . 5 %  b e t t e r .  

I t  i s  w o r t h  n o t i n g  t h a t  b o t h  f u s i o n  m e t h o d s  g e n e r a l l y  i m p r o v e  t h e  a v e r a g e  a c c u r a c y  a n d  

t h e  t a b l e s  s h o w n  i n  t h i s  c h a p t e r  a r e  w o r s t  c a s e  r e s u l t s  a i m e d  a t  i d e n t i f y i n g  s u b o p t i m a l  

c o n d i t i o n s  o f  b o t h  u n f u s e d  a n d  f u s e d  d a t a  f o r  c l a s s i f i c a t i o n .  T h i s  i s  c o n t r a r y  t o  f u s i n g  

d o m i n a n t  a n d  w e a k e r  m o d a l i t i e s ,  w h e r e  t h e  a v e r a g e  a c c u r a c y  o f  t h e  f u s e d  r e s u l t  i s  l o w e r  

t h a n  t h e  d o m i n a n t  m o d a l i t y .

T a b l e  1 0 . 5 :  I R  p e r  c l a s s  f o r  f i n g e r p r i n t - i r i s  f u s i o n  u s i n g  F A  a n d  F C  i n  a s c e n d i n g  o r d e r  

o f  r a n k  f o r  F C .

C l a s s F i n g e r p r i n t

( 8 4 . 4 % )

I r i s

( 8 4 . 9 % )

F C

( 9 4 . 8 % )

R a n k F A

( 8 6 . 3 % )

R a n k

4 7 0 4 1 1 0 1

4 1 2 2 2 1 2

3 1 0 2 2 3 2 4

2 3 0 4 3 4 4 -

2 6 2 4 3 5 1 3

4 2 3 4 3 6 4 -

4 4 3 2 3 7 3 9

3 5 1 4 4 - 2 5

2 7 4 1 4 - 3 6

3 8 4 4 4 - 3 7

4 0 3 4 4 - 3 8

4 9 0 4 4 - 3 1 0

10.2.4 Face and Palmprint

T h e  d i s a d v a n t a g e  o f  f u s i n g  a  d o m i n a n t  m o d a l i t y  w i t h  a  w e a k e r  m o d a l i t y  i s  c l e a r l y  s h o w n  

i n  T a b l e  1 0 . 6  a s  F - r a n k  f u s i o n  r e s u l t s  a r e  a g a i n  p r e v a l e n t  a s  w a s  t h e  c a s e  w h e n  f u s i n g  t h e  

f i n g e r p r i n t  a n d  f a c e .
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T a b l e  1 0 . 6 :  I R  p e r  c l a s s  f o r  f a c e - p a l m p r i n t  f u s i o n  u s i n g  F A  a n d  F C  i n  a s c e n d i n g  o r d e r  

o f  r a n k  f o r  F C .

C l a s s F a c e

( 9 8 . 6 % )

P a l m p r i n t

( 7 6 . 9 % )

F C

( 9 2 . 5 % )

R a n k F A

( 8 4 . 4 % )

R a n k

2 0 4 1 1 1 1 1

4 3 4 1 1 2 1 2

1 4 3 3 3 3 9

1 8 4 3 3 4 3 -

2 1 4 1 3 5 2 5

2 6 4 3 3 6 3 -

3 6 4 3 3 7 3 -

3 8 2 2 3 8 3 7

3 9 3 3 3 9 3 -

4 0 4 3 3 1 0 3 -

2 4 3 4 - 2 3

8 4 2 4 - 2 4

3 4 4 3 4 - 2 6

4 1 4 2 3 - 2 8

1 2 4 3 4 - 3 1 0

10.2.5 Face and Iris

T a b l e  1 0 . 7  s h o w s  t h a t  F C  a c h i e v e s  a  s i g n i f i c a n t l y  h i g h e r  a c c u r a c y  t h a n  F A ,  b u t  i s  s t i l l  

o u t p e r f o r m e d  b y  t h e  f a c e  w i t h  a  s i n g l e  m a t c h  l e s s  f o r  C l a s s e s  4  a n d  2 7 .

T a b l e  1 0 . 7 :  I R  p e r  c l a s s  f o r  f a c e - i r i s  f u s i o n  u s i n g  F A  a n d  F C  i n  a s c e n d i n g  o r d e r  o f  r a n k  

f o r  F C .

C l a s s F a c e

( 9 8 . 6 % )

I r i s

( 8 4 . 9 % )

F C

( 9 4 . 8 % )

R a n k F A

( 8 6 . 3 % )

R a n k

4 4 2 3 1 2 1

2 7 4 1 3 2 3 2

1 6 4 0 4 - 4 -

3 0 4 0 4 - 4 -

2 2 4 1 4 - 4 -

4 1 4 2 4 - 4 -

4 4 4 2 4 - 4 -

3 8 2 4 4 - 4 -
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10.2.6 Palmprint and Iris

T a b l e  1 0 . 8  s h o w s  t h a t  F C  a c h i e v e s  A - r a n k  f u s i o n  r e s u l t s  f o r  t h e  p a l m p r i n t  f o r  C l a s s  

1 6 ,  w h i l e  F A  c o n t i n u e s  t o  s h o w  p o o r  p e r f o r m a n c e .  O n  t h e  o t h e r  h a n d ,  F A  a c h i e v e s  

A - r a n k  f u s i o n  r e s u l t s  f o r  C l a s s  1 2 .  B o t h  m e t h o d s  p e r f o r m  p o o r l y  f o r  C l a s s e s  2 0  a n d  

2 1 .  F C  g e n e r a l l y  p e r f o r m s  b e t t e r  t h a n  t h e  i n d i v i d u a l  m o d a l i t i e s  f o r  t h e  r e s t  a n d  o n  

a v e r a g e  b y  4 . 7 %  s h o w i n g  s o m e  p o t e n t i a l  f o r  m o d a l i t i e s  w i t h  u n b a l a n c e d  q u a l i t y .  H o w e v e r ,  

t h i s  i n c r e a s e  i s  l e s s  s i g n i f i c a n t  t h a n  t h e  l a r g e  i m p r o v e m e n t  i n t r o d u c e d  b y  f i n g e r p r i n t  a n d  

p a l m p r i n t  f u s i o n ,  w h i c h  h a s  s i m i l a r l y  u n b a l a n c e d  c o m p o n e n t  q u a l i t y .  T h i s  i n d i c a t e s  t h a t  

t h e  f a c t o r  o f  f e a t u r e  s y n e r g y  n o t e d  i n  C h a p t e r  9  a l s o  p l a y s  a  r o l e .  F u r t h e r m o r e ,  F A  

a c h i e v i n g  a  l o w e r  a c c u r a c y  t h a n  t h e  i r i s  o n  a v e r a g e  s h o u l d  b e  w e l l  n o t e d  a s  a  f u r t h e r  

i n d i c a t i o n  o f  l a c k  o f  s y n e r g y .

T a b l e  1 0 . 8 :  I R  p e r  c l a s s  f o r  p a l m p r i n t - i r i s  f u s i o n  u s i n g  F A  a n d  F C  i n  a s c e n d i n g  o r d e r  

o f  r a n k  f o r  F C .

C l a s s P a l m p r i n t

( 7 6 . 9 % )

I r i s

( 8 4 . 9 % )

F C

( 8 9 . 6 % )

R a n k F A

( 8 2 . 5 % )

R a n k

2 0 1 3 1 1 1 3

4 2 1 4 1 2 2 1 0

1 0 1 2 2 3 1 2

2 1 1 4 2 4 1 4

1 3 4 3 5 3 -

2 3 2 3 6 2 6

4 4 2 3 7 3 -

1 2 3 2 3 8 4 -

1 3 2 3 3 9 2 7

1 6 2 0 3 1 0 0 1

4 3 1 4 3 - 1 5

3 2 3 4 4 - 2 8

4 1 2 2 3 - 2 9

10.3 Weighted Feature Fusion

S e l e c t i v e l y  f u s i n g  b i o m e t r i c  m o d a l i t i e s  o f  s o m e  c l a s s e s  m a y  b e  a n  e f f e c t i v e  m e a n s  f o r  

s o l v i n g  s c e n a r i o s  s u c h  a s  u n i v e r s a l i t y  o r  p r e v a l e n t  w e a k e r  m o d a l i t i e s ,  b u t  s i m p l y  d i s c a r d i n g
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t h e  w e a k e r  m o d a l i t y  m a y  n o t  y i e l d  t h e  o p t i m a l  r e s u l t .  T h i s  s e c t i o n  i n v e s t i g a t e s  w e i g h t i n g  

b i a s  t h a t  c a n  p r o v i d e  a  r e s u l t  e q u a l  o r  b e t t e r  t h a n  t h a t  o f  t h e  d o m i n a n t  m o d a l i t y .

T h e  w e i g h t i n g  m e t h o d  p r o p o s e d  i n  t h i s  r e s e a r c h  a d j u s t s  t h e  c o n t r a s t  g a i n  o f  b o t h  i m a g e s  

i n  p r o p o r t i o n  t o  t h e i r  o r i g i n a l  c o n t r i b u t i o n  f o r  F A  a n d  F C .  T h e  d e f a u l t  c o n t r i b u t i o n s  o f  

t h e  f u s i o n  c o m p o n e n t s  u s e d  i n  t h e  b i m o d a l  e x p e r i m e n t s  ( C h a p t e r  9 )  f o r  F A  i s  5 0 %  e a c h  

s i n c e  t h e y  a r e  a v e r a g e d .  I n  t h e  c a s e  o f  F C ,  e a c h  m o d a l i t y  c o n t r i b u t e s  1 0 0 %  a n d  f o r  t h e  

s a k e  o f  s i m p l i c i t y ,  t h e  c o n t r a s t  v a l u e s  g i v e n  i n  t h i s  s e c t i o n  f o r  F C  a r e  n o r m a l i z e d  t o  t h a t  

o f  F A  b y  d i v i d i n g  t h e m  b y  t w o .

T a b l e  1 0 . 9  r e s u l t s  s h o w  t h a t  w e i g h t i n g  t h e  f i n g e r p r i n t  a n d  f a c e  i n  t h e  r a t i o  3 0 : 7 0  c a n  

i n c r e a s e  t h e  f u s e d  I R  a b o v e  t h e  d o m i n a n t  m o d a l i t y  I R .  T h i s  w a s  f u r t h e r  i n v e s t i g a t e d  a n d  

f o u n d  t o  b e  t r u e  f o r  r a t i o s  u p  t o  1 0 : 9 0 .  T h i s  i s  a t t r i b u t e d  t o  t h e  e x t r a  m a t c h  i n  C l a s s

3 8  d u e  t o  t h e  p o s i t i v e  c o n t r i b u t i o n  o f  t h e  f i n g e r p r i n t ,  a s  t h e  f a c e  p e r f o r m e d  p o o r l y  f o r  

t h i s  c l a s s .  T h e s e  r e s u l t s  w e r e  a c h i e v e d  b y  u s i n g  t h e  p r e f e r r e d  f a c e  r e s o l u t i o n  o f  2 0 0  x  2 0 0 ,  

a s  t h e  p r e f e r r e d  f i n g e r p r i n t  r e s o l u t i o n  o f  t h e  o r i g i n a l  e x p e r i m e n t  5 0  x  5 0  w a s  n o  l o n g e r  

f a v o u r e d . T h i s  w a s  t o  b e  e x p e c t e d  d u e  t o  t h e  f a c e  f e a t u r e s  h a v i n g  a  g r e a t e r  e f f e c t  o n  

c l a s s i f i c a t i o n .  R e t e s t i n g  a t  a  f a c e  i m a g e  c o n t r a s t  o f  4 0 %  o r  l o w e r  e n a b l e d  C l a s s e s  3 8  a n d

3 9  t o  a c h i e v e  p e r f e c t  s c o r e s .  F u r t h e r m o r e ,  a  1 0 0 %  w e i g h t i n g  f o r  t h e  f a c e  p r o d u c e d  t h e  

s a m e  r e s u l t s  f o r  b o t h  F A  a n d  F C  a s  t h e  i n d i v i d u a l  f a c e  m o d a l i t y .  T h e  f a c t  t h a t  o p t i m a l  

w e i g h t i n g  v a l u e s  f o r  b o t h  F A  a n d  F C  w e r e  t h e  s a m e  s h o u l d  b e  n o t e d .

T a b l e  1 0 . 9 :  I R  p e r  c l a s s  f o r  f i n g e r p r i n t  a n d  f a c e  f u s i o n  w e i g h t e d  a t  3 0 : 7 0 ,  u s i n g  F A  

a n d  F C ,  f o r  t h e  t o p  t h r e e  w o r s t  r a n k e d  F C  r e s u l t s  f o l l o w e d  b y  t h e  w o r s t  p e r f o r m i n g  f a c e  

c l a s s e s .

C l a s s F i n g e r p r i n t F a c e F C F A W e i g h t e d  F C W e i g h t e d  F A

( 8 4 . 4 % ) ( 9 8 . 6 % ) ( 9 1 . 9 % ) ( 8 7 . 7 % ) ( 9 9 . 0 6 % ) ( 9 9 . 0 6 % )

2 3 0 4 0 0 4 4

3 1 0 4 0 0 4 4

4 9 0 4 1 0 4 4

3 8 4 2 3 3 3 3

3 9 4 3 3 3 3 3

T h e  w e i g h t e d  f u s i o n  r e s u l t s  i n  T a b l e s  1 0 . 1 0  a n d  1 0 . 1 1  s h o w  i m p r o v e m e n t s  f o r  C l a s s e s  3 8  

a n d  3 9  i d e n t i c a l  t o  T a b l e  1 0 . 9 .
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T a b l e  1 0 . 1 0 :  I R  p e r  c l a s s  f o r  f a c e  a n d  p a l m p r i n t  f u s i o n  w e i g h t e d  a t  3 0 : 7 0 ,  u s i n g  F A  

a n d  F C ,  f o r  t h e  t o p  t h r e e  w o r s t  r a n k e d  F C  r e s u l t s  f o l l o w e d  b y  t h e  w o r s t  p e r f o r m i n g  f a c e  

c l a s s e s .

C l a s s F a c e

( 9 8 . 6 % )

P a l m p r i n t

( 7 6 . 9 % )

F C

( 9 2 . 5 % )

F A

( 8 4 . 4 % )

W e i g h t e d  F C

( 9 9 . 0 6 % )

W e i g h t e d  F A

( 9 9 . 0 6 % )

2 0 4 1 1 1 4 4

4 3 4 1 1 1 4 4

1 0 4 1 0 4 4

3 8 4 2 3 3 3 3

3 9 4 3 3 3 3 3

T a b l e  1 0 . 1 1 :  I R  p e r  c l a s s  f o r  f a c e  a n d  i r i s  f u s i o n  w e i g h t e d  a t  3 0 : 7 0 ,  u s i n g  F A  a n d  F C ,  

f o r  t h e  t o p  t h r e e  w o r s t  r a n k e d  F C  r e s u l t s  f o l l o w e d  b y  t h e  w o r s t  p e r f o r m i n g  f a c e  c l a s s e s .

C l a s s F a c e I r i s F C F A W e i g h t e d  F C W e i g h t e d  F A

( 9 8 . 6 % ) ( 8 4 . 9 % ) ( 9 4 . 8 % ) ( 8 6 . 3 % ) ( 9 9 . 0 6 % ) ( 9 9 . 0 6 % )

4 4 2 3 2 4 4

2 7 4 1 3 3 4 4

1 6 4 0 4 4 4 4

3 8 4 2 3 3 3 3

3 9 4 3 3 3 3 3

S i n c e  C l a s s e s  3 8  a n d  3 9  p e r f o r m e d  p o o r l y  d u e  t o  b a d  f a c e  t e s t  s a m p l e s ,  o p t i m a l  w e i g h t s  

w e r e  m a n u a l l y  a s s i g n e d  t o  t h e  r e m a i n i n g  i n d i v i d u a l s  t o  s i m u l a t e  a  d y n a m i c  w e i g h t i n g  

p r o c e s s .  T h e  r e s u l t s  ( n o t  s h o w n )  r e v e a l e d  t h a t  u s i n g  a  d y n a m i c  w e i g h t i n g  s t r a t e g y  c o u l d  

r e s u l t  i n  p e r f e c t  a c c u r a c y  f o r  C l a s s e s  3 8  a n d  3 9 .  T h e  m a n u a l  w e i g h t i n g  r a t i o  a s s i g n e d  

f o r  a l l  t h r e e  t e s t s  w a s  7 0 : 3 0  ( d o m i n a n t  m o d a l i t y : w e a k e r  m o d a l i t y ) ,  s i m p l y  a  r e v e r s e  b i a s ,  

t o g e t h e r  w i t h  a d o p t i o n  o f  t h e  p r e f e r r e d  r e s o l u t i o n  o f  t h e  r e s p e c t i v e  w e a k e r  m o d a l i t y  r a t h e r  

t h a n  2 0 0  x  2 0 0 .

E m p l o y i n g  a  d y n a m i c  w e i g h t i n g  s t r a t e g y ,  a l s o  k n o w n  a s  u s e r - s p e c i f i c  f u s i o n  s c h e m e s  ( R o s s  

e t  a l . , 2 0 0 6 ) , c a n  b e  e f f e c t i v e  w i t h  a c c u m u l a t e d  t r a i n i n g  d a t a  a n d  r e s u l t s  o v e r  t i m e  p e r  u s e r .  

T h i s  s t r a t e g y  i s  i m p l e m e n t e d  f o r  i t s  s i m p l i c i t y .  G e n e t i c  a l g o r i t h m s  c o u l d  h a v e  b e e n  u s e d  

t o  f i n e  t u n e  i n d i v i d u a l  w e i g h t s ,  b u t  t h a t  l e v e l  o f  f i n e  t u n i n g  i s  d e e m e d  b e y o n d  t h e  s c o p e  

o f  t h i s  r e s e a r c h .  F u r t h e r m o r e ,  b e f o r e  c o n s t r u c t i n g  m u l t i m o d a l  b i o m e t r i c  s y s t e m s  t h a t  u s e  

m o r e  a d v a n c e d  w e i g h t i n g  s t r a t e g i e s ,  s e c u r i t y  i s s u e s  n e e d  t o  b e  c o n s i d e r e d .  F o r  e x a m p l e ,  a n  

i m p o s t o r  c o u l d  a t t e m p t  t o  c i r c u m v e n t  a  b i o m e t r i c  s y s t e m  b y  t a r g e t i n g  s p e c i f i c  u s e r s  w i t h  

k n o w n  p r o b l e m s  w i t h i n  t h e i r  b i o m e t r i c  d a t a .  A n  e x a m p l e  o f  s u c h  a n  i n d i v i d u a l  c o u l d  b e
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o n e  w i t h  h a n d s  b u r n t  b e y o n d  r e c o g n i t i o n ,  p r o m p t i n g  t h e  d y n a m i c  m u l t i m o d a l  b i o m e t r i c  

s y s t e m  t o  u s e  a  l e s s  s e c u r e  b i o m e t r i c ,  a l t e r n a t i v e  m e a n s  o f  a u t h e n t i c a t i o n  o r  p a r a m e t e r  

a d j u s t m e n t  t h a t  c a n  b e  p l a n n e d  f o r  b y  t h e  i m p o s t o r .  A c c e s s i n g  t h e  d y n a m i c a l l y  w e i g h t e d  

f e a t u r e s  a n d  n e w  p a r a m e t e r s  c o u l d  p r o v i d e  f u r t h e r  i n s i g h t  i n t o  a s c e r t a i n i n g  o p t i m a l  f u s i o n  

s c h e m e s ,  b u t  a s  s t a t e d  p r e v i o u s l y ,  i s  b e y o n d  t h e  s c o p e  o f  t h i s  r e s e a r c h .

W i t h  t h e  p o s i t i v e  r e s u l t s  a c h i e v e d  o n  w e i g h t i n g  t h e  d a t a s e t s  i n  t h i s  c h a p t e r ,  t h e  t w o  

c o m b i n a t i o n s  i d e n t i f i e d  i n  t h e  b i m o d a l  e x p e r i m e n t s  w e r e  a l s o  w e i g h t e d  i n  a n  a t t e m p t  t o  

a c h i e v e  e q u a l  o r  b e t t e r  a c c u r a c y  t h a n  t h e  r e s p e c t i v e  d o m i n a n t  m o d a l i t i e s .  V a r i o u s  r a t i o s  

w e r e  e x p e r i m e n t e d  w i t h  a n d  3 0 : 7 0  w a s  a g a i n  f o u n d  t o  b e  i d e a l  f o r  t h e  F V C 2 0 0 4  a n d  I I T D -  

I r i s  c o m b i n a t i o n  a s  i t  a c h i e v e d  p e r f e c t  a c c u r a c y .  I n c r e a s i n g  t h e  r a t i o  a b o v e  8 0 : 2 0  r e s u l t e d  

i n  a  l o w e r  i m p r o v e m e n t  f o r  t h e  F V C 2 0 0 4  a n d  I I T D - I r i s  c o m b i n a t i o n ,  c o n f i r m i n g  t h a t  t h e  

w e a k e r  m o d a l i t y  s t i l l  h a s  d i s c r i m i n a t i v e  p r o p e r t i e s .  S i n c e  t h e  P U T  f a c e  d a t a s e t  a c h i e v e d  

a  p e r f e c t  a c c u r a c y ,  s i m p l y  u s i n g  i t  a t  1 0 0 %  w e i g h t  g a v e  a  p e r f e c t  a c c u r a c y .  H o w e v e r ,  t h e  

r a t i o  c o u l d  b e  l o w e r e d  t o  6 0 : 4 0  b e f o r e  a  r e d u c t i o n  i n  a c c u r a c y  o c c u r r e d .

B i m o d a l  f u s i o n  r e s u l t e d  i n  p e r f e c t  a c c u r a c i e s  a f t e r  w e i g h t i n g ,  e x c e e d i n g  t h e  a c c u r a c i e s  

o f  e v e n  t h e  d o m i n a n t  i n d i v i d u a l  m o d a l i t i e s .  C o m b i n a t i o n s  c o n s i s t i n g  o f  m o r e  t h a n  t w o  

m o d a l i t i e s  w e r e  t h e r e f o r e  n o t  i n v e s t i g a t e d ,  a s  f u r t h e r  a c c u r a c y  g a i n s  c o u l d  n o t  b e  a c h i e v e d .

10.4 Discussion of Class Results

T h i s  s e c t i o n  s h o w e d  t h a t  l a r g e  v a r i a t i o n s  i n  i m a g e  s e g m e n t a t i o n  l e a d s  t o  p o o r  r e s u l t s .  

T h i s  w a s  d e t e r m i n e d  w i t h  v i s u a l  c o m p a r i s o n s  w h e r e  a  b a d  t r a i n i n g  s a m p l e  o f t e n  c a u s e d  

n o  c o r r e c t  i d e n t i f i c a t i o n s  -  a s  o p p o s e d  t o  a  b a d  t e s t  s a m p l e  o n l y  a f f e c t i n g  i t s e l f  -  f o r  a  

p a r t i c u l a r  c l a s s .  E x p e r i m e n t s  w e r e  r u n  u s i n g  t h e  n o v e l  L B P V L  f e a t u r e  e x t r a c t o r  f o l l o w e d  

b y  S V M  c l a s s i f i c a t i o n  a s  t h i s  p r o d u c e d  t h e  b e s t  r e s u l t s .  I n s p e c t i o n  o f  c l a s s  i m a g e s  r e 

v e a l e d  t h a t  L B P V L  i s  n o t  n e g a t i v e l y  a f f e c t e d  b y  d y n a m i c  l i g h t i n g  n o r  s e v e r e l y  u n d e r l i t  

c o n d i t i o n s .  W e i g h t e d  v e r s i o n s  o f  F A  a n d  F C  w e r e  a l s o  t e s t e d ,  w h e r e  r e d u c i n g  t h e  c o n 

t r a s t  o f  t h e  w e a k e r  m o d a l i t y  l e d  t o  a  p o s i t i v e  c o n t r i b u t i o n  o f  t h e  r e m a i n i n g  f e a t u r e s  t o  t h e
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f u s e d  r e s u l t ,  e n a b l i n g  f e a t u r e  f u s i o n  o f  n o n - i d e a l  m o d a l i t i e s  w i t h o u t  c o m p r o m i s i n g  r e c o g 

n i t i o n  p e r f o r m a n c e  ( A - r a n k  f u s i o n ) .  T h e  r a t i o  a p p l i e d  w a s  3 0 : 7 0 ,  w h e r e  3 0 %  a p p l i e s  t o  

t h e  w e a k e r  m o d a l i t y  t o  l e s s e n  i t s  c o n t r i b u t i o n  d u r i n g  c l a s s i f i c a t i o n .  W e i g h t e d  f u s i o n  w a s  

a l s o  a p p l i e d  t o  t h e  F V C 2 0 0 4  a n d  I I T D - I r i s  c o m b i n a t i o n  i n  D a t a s e t  D  a n d  t h e  F V C 2 0 0 4  

a n d  P U T  c o m b i n a t i o n  i n  D a t a s e t  E  u s i n g  t h e  s a m e  r a t i o  a s  t h e  S D U M L A  e x p e r i m e n t s .  

T h i s  r e s u l t e d  i n  b o t h  c o m b i n a t i o n s  a c h i e v i n g  p e r f e c t  a c c u r a c y .  I n  f a c t ,  b o t h  F A  a n d  F C  

a c h i e v e d  ( t h e  s a m e )  i m p r o v e d  r e s u l t s  o v e r  t h e  r e s p e c t i v e  d o m i n a n t  m o d a l i t i e s .  T h i s  i n d i 

c a t e s  t h a t  w e i g h t e d  F A  c a n  l e a d  t o  o p t i m a l  f u s i o n  r e s u l t  a s  i t  h a s  t h e  p o t e n t i a l  t o  a c h i e v e  

s i m i l a r  r e s u l t s  u s i n g  h a l f  t h e  d i m e n s i o n a l i t y  o f  w e i g h t e d  F C .

10.5 Summary

T h i s  c h a p t e r  d i s c u s s e d  t h e  v a r i o u s  c o n d i t i o n s  t h a t  a f f e c t  i m a g e - b a s e d  b i o m e t r i c  r e c o g n i 

t i o n .  C l a s s - s p e c i f i c  r e s u l t s  w e r e  g i v e n  f o r  a  m u l t i m o d a l  d a t a s e t  c o n s i s t i n g  o f  f o u r  b i o m e t r i c  

m o d a l i t i e s ,  o n e  o f  w h i c h  w a s  t h e  f a c e  t h a t  c o n t a i n e d  i d e a l  f r o n t a l  d a t a  r e s u l t i n g  i n  i t  b e i n g  

t h e  d o m i n a n t  m o d a l i t y .  W e i g h t e d  f u s i o n  f u r t h e r  i m p r o v e d  t h e  r e s u l t s  o f  F A  a n d  F C  s u c h  

t h a t  t h e y  s u r p a s s e d  t h e  p e r f o r m a n c e  o f  t h e  d o m i n a n t  m o d a l i t y ,  c a u s e d  b y  f u s i n g  n o n - i d e a l  

m o d a l i t i e s .  F u s i o n  g u i d e l i n e s  a t  t h e  f e a t u r e  l e v e l  w e r e  g i v e n  w i t h  t h e  a i m  o f  p r o v i d i n g  

f u t u r e  b i o m e t r i c  s y s t e m s  w i t h  a  m e t h o d i c a l  a p p r o a c h  t o  s o l v i n g  t h e  d y n a m i c  s c e n a r i o s  

o f t e n  p o s e d  b y  m u l t i m o d a l  b i o m e t r i c  a p p l i c a t i o n s .
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11.1 Summary of this Research

T h i s  t h e s i s  f o c u s s e d  o n  e x p l o r i n g  t h e  w i d e  r a n g e  o f  a p p r o a c h e s  n e c e s s a r y  f o r  d e v e l o p i n g  

e f f e c t i v e  m u l t i m o d a l  b i o m e t r i c  f u s i o n  s y s t e m s  a t  t h e  f e a t u r e  l e v e l .  T h e  r e s e a r c h  s t a t e 

m e n t  i n  C h a p t e r  1 s e t s  t h i s  i n  m o t i o n  b y  c o n s i d e r i n g  a  d e t a i l e d  s t u d y  o f  f e a t u r e - c l a s s i f i e r  

c o m b i n a t i o n s  o n  f o u r  i m a g e - b a s e d  m o d a l i t i e s  i n d i v i d u a l l y ,  f o l l o w e d  b y  t h e i r  b i m o d a l  c o m 

b i n a t i o n s .  T h e  v a r i o u s  b i o m e t r i c  c o n c e p t s  p e r t a i n i n g  t o  t h e  b i o m e t r i c  m o d a l i t i e s  w e r e  

h i g h l i g h t e d  a n d  r e l a t e d  s t u d i e s  w e r e  r e v i e w e d .  T h e  g a p s  f o u n d  w i t h i n  t h e  a l g o r i t h m s  

u s e d  i n  r e l a t e d  s y s t e m s  w e r e  c o n s i d e r e d  b e f o r e  e s t a b l i s h i n g  f o u r  p r o p o s e d  b i o m e t r i c  s y s 

t e m s .  T h e  p r o p o s e d  s y s t e m s  t h u s  c o n t a i n e d  m o d i f i e d  o r  n o v e l  a l g o r i t h m s  a s  a p p r o p r i a t e .  

A l t h o u g h  s e v e r a l  f e a t u r e  e x t r a c t i o n  a l g o r i t h m s  w e r e  c o n s i d e r e d ,  o n l y  r e s u l t s  f r o m  t h e  b e s t  

p e r f o r m e r s  w e r e  p r o v i d e d  i n  t h e  e x p e r i m e n t s .  T h e  s a m e  f e a t u r e  e x t r a c t i o n  m e t h o d  w a s  

a p p l i e d  t o  f o u r  d i f f e r e n t  m o d a l i t i e s  f o r  c o m p a t i b i l i t y  p u r p o s e s  o f  f e a t u r e  f u s i o n ,  w h i c h  w a s  

s u b s e q u e n t l y  f o l l o w e d  b y  c l a s s i f i c a t i o n  u s i n g  d i f f e r e n t  m e t h o d s .

T h e  e x p e r i m e n t a t i o n  s e c t i o n s  o f  t h e  t h e s i s  w e r e  c o n d u c t e d  a s  f o l l o w s .  T h e  f o u r  p r o p o s e d  

b i o m e t r i c  s y s t e m s  w e r e  f i r s t  v i s u a l l y  v a l i d a t e d  a s  a p p r o p r i a t e  t o  i m a g e - b a s e d  m o d a l i t i e s .  

T h e  n o t e d  o b s e r v a t i o n s  w e r e  o n  t h e  c o r r e c t  s e g m e n t a t i o n  p e r  b i o m e t r i c  m o d a l i t y ,  t h u s  

e n s u r i n g  a  c o n s i s t e n t  i m a g e  r e g i o n  w a s  s e l e c t e d ,  b e f o r e  p e r f o r m i n g  f e a t u r e  e x t r a c t i o n  a n d
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c l a s s i f i c a t i o n .  P a r a m e t e r  t u n i n g  w a s  p e r f o r m e d  d u r i n g  i n i t i a l  e x p e r i m e n t a t i o n  w h e r e  i t  

w a s  d e t e r m i n e d  t h a t  d a t a s e t s  o f  t h e  s a m e  m o d a l i t y  g e n e r a l l y  h a v e  s i m i l a r  o r  e v e n  i d e n t i c a l  

o p t i m a l  p a r a m e t e r  v a l u e s .  S p e c i f i c  s e t s  o f  p a r a m e t e r s  w e r e  d e t e r m i n e d  a s  b e i n g  o p t i m a l  

f o r  i n d i v i d u a l  m o d a l i t i e s  ( u n i m o d a l ) ,  w h i l e  b i m o d a l  c o m b i n a t i o n s  o f t e n  r e q u i r e d  a  l a r g e r  

r a d i u s  t h a n  t h e  n e i g h b o u r h o o d  s i z e  f o r  L B P H ,  r e s u l t i n g  i n  s p a r s e r  t e x t u r e  d e s c r i p t o r s  t o  

d e a l  w i t h  t h e  i n c r e a s e d  t e x t u r e  i n f o r m a t i o n .  T h i s  w a s  a l w a y s  r e q u i r e d  w h e n  u s i n g  t h e  

h i g h e r  d i m e n s i o n a l  F C  m e t h o d  a n d  o c c a s i o n a l l y  r e q u i r e d  w h e n  u s i n g  t h e  F A  m e t h o d  o n  

b i m o d a l  c o m b i n a t i o n s  c o n t a i n i n g  a t  l e a s t  o n e  f u s e d  c o m p o n e n t  w i t h  f i n e r  t e x t u r e .  O n  

t h e  o t h e r  h a n d ,  E i g e n ,  F i s h e r  a n d  S V M  c l a s s i f i e r s  u s e d  t h e  s a m e  p a r a m e t e r s  i n  u n i m o d a l  

a n d  b i m o d a l  e x p e r i m e n t s ,  a n d  i n s t e a d ,  r e q u i r e d  s p e c i f i c  i m a g e  r e s o l u t i o n s  d e p e n d i n g  o n  

t h e  m o d a l i t y .

O n e  o f  t h e  f i n g e r p r i n t  a n d  f a c e  f u s e d  c o m b i n a t i o n s  r e s u l t e d  i n  a  r e d u c e d  D I R  ( 9 9 . 7 % )  

c o m p a r e d  t o  t h e  D I R  ( 1 0 0 % )  o f  t h e  f a c e  c o m p o n e n t  d u e  t o  f u s i n g  t w o  h i g h l y  u n b a l a n c e d  

d a t a s e t s  i n  t e r m s  o f  q u a l i t y .  T h i s  w a s  d u e  t o  t h e  P U T  f a c e  d a t a s e t  ( d o m i n a n t  m o d a l i t y )  

a c h i e v i n g  a  p e r f e c t  a c c u r a c y  w h e n  u s i n g  l e f t  p o s e  3 0 °  a s  t h e  o n l y  t r a i n i n g  s a m p l e ,  w h i l e  

t h e  F V C 2 0 0 4  f i n g e r p r i n t  d a t a s e t  a c h i e v e d  a  b e s t  D I R  o f  3 8 . 2 5 %  a t  t h e  c o r r e s p o n d i n g  

F P I R  o f  0 % .  A n o t h e r  u n b a l a n c e d  b i m o d a l  d a t a s e t  c o n s i s t i n g  o f  t h e  F V C 2 0 0 4  a n d  I I T D -  

I r i s  c o m b i n a t i o n ,  r e s u l t e d  i n  a  3 %  d e c r e a s e d  D I R  c o m p a r e d  w i t h  t h e  d o m i n a n t  I I T D - I r i s  

c o m p o n e n t .  B o t h  o f  t h e s e  u n b a l a n c e d  c o m b i n a t i o n s  a c h i e v e d  t h e s e  r e s u l t s  u s i n g  F C ,  w h i l e  

F A  r e s u l t e d  m u c h  g r e a t e r  a c c u r a c y  r e d u c t i o n .

T h e  f i n g e r p r i n t  a n d  p a l m p r i n t  p r e f e r r e d  s m a l l e r  i m a g e  r e s o l u t i o n s  -  t y p i c a l l y  b e t w e e n  

5 0  x  5 0  a n d  6 5  x  6 5  -  w h i l e  t h e  f a c e  a n d  i r i s  p r e f e r r e d  t h e  d e f a u l t  s e g m e n t e d  r e s o l u t i o n s  

-  t y p i c a l l y  b e t w e e n  1 0 0  x  1 0 0  a n d  2 0 0  x  2 0 0 .  T h i s  w a s  d u e  t o  t h e  s i z e  o f  t h e  p a t t e r n  

o f  f i n g e r p r i n t s  ( r i d g e s )  a n d  p a l m p r i n t s  ( p r i n c i p a l  l i n e s )  b e i n g  s p a r s e  c o m p a r e d  w i t h  t h e  

f i n e r  f e a t u r e s  o f  t h e  f a c e  a n d  i r i s  w h i c h  i n c l u d e d  s p e c k l e s .

B i m o d a l  f u s i o n  w a s  a l s o  e v a l u a t e d  b a s e d  o n  t h e  p e r f o r m a n c e  p e r  i n d i v i d u a l  ( r a n k ) ,  w h e r e  

i t  w a s  s h o w n  t h a t  w e i g h t e d  f u s i o n  s o l v e s  t h e  p r o b l e m  o f  f u s i n g  u n b a l a n c e d  d a t a  b y  a c h i e v 

i n g  g r e a t e r  o r  e q u a l  a c c u r a c y  t o  t h e  d o m i n a n t  m o d a l i t y  w h e n  u s i n g  e i t h e r  F A  o r  F C .  A s  

a  c o n c e p t ,  i t  w a s  a l s o  d e m o n s t r a t e d  t h a t  t h e  a c c u r a c y  c a n  b e  f u r t h e r  i m p r o v e d  b y  e m 
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p l o y i n g  d y n a m i c  w e i g h t i n g ,  w h i c h  a u t o m a t i c a l l y  c o n s i d e r s  t h e  w e i g h t  t o  b e  a s s i g n e d  t o  a  

m o d a l i t y  o n  a  p e r  c l a s s  b a s i s ,  a l l o w i n g  m o d a l i t i e s  t o  c o m p l e m e n t  e a c h  o t h e r  e f f e c t i v e l y .

11.2 Contributions of this Research

T h i s  r e s e a r c h  h a s  m a d e  s e v e r a l  c o n t r i b u t i o n s  t o  t h e  f i e l d  o f  m u l t i m o d a l  b i o m e t r i c s .  T h e  

m o s t  s i g n i f i c a n t  c o n t r i b u t i o n  r e l a t e s  d i r e c t l y  t o  t h e  r e s e a r c h  s t a t e m e n t  b y  p r o v i d i n g  i n 

s i g h t  o n  t h e  i n t e r a c t i o n s  o f  a  v a r i e t y  o f  f e a t u r e - c l a s s i f i e r  c o m b i n a t i o n s  o n  f o u r  d i f f e r e n t  

i m a g e - b a s e d  m o d a l i t i e s .  T h i s  w a s  i l l u s t r a t e d  t h r o u g h  t h e  c o m m o n a l i t i e s  a n d  d i f f e r e n c e s  o f  

a p p r o a c h e s  o n  f o u r  m o d a l i t i e s ,  a n d  r e s u l t s  w e r e  e x t e n d e d  t o  b i m o d a l  f u s i o n  c o m b i n a t i o n s  

o f  t h e  f o u r  m o d a l i t i e s .

A  f u r t h e r  c o n t r i b u t i o n  w a s  m a d e  t o  t h e  f a c e  b i o m e t r i c s  f i e l d  w i t h  t h e  i n t r o d u c t i o n  o f  a  

n o v e l  f a c e  s e g m e n t a t i o n  a l g o r i t h m  c a l l e d  V R A ,  e n a b l i n g  l a r g e r  p o s e  a n g l e s  t o  b e  r e c o g 

n i z e d  w i t h  l i m i t e d  t r a i n i n g  d a t a .  T h i s  c o u l d  b e  p a r t i c u l a r l y  u s e f u l  i n  s u r v e i l l a n c e  s e c u r i t y  

w h e r e  p o s e  a n g l e s  a r e  v a s t l y  d i f f e r e n t  d u e  t o  t h e  u n c o n t r o l l e d  n a t u r e  o f  t h i s  a p p l i c a t i o n .

A n o t h e r  i m p o r t a n t  c o n t r i b u t i o n  m a d e  w a s  a  m e t h o d o l o g y  t h a t  c a n  b e  u s e d  t o  o p t i m i z e ,  

o r  i n  s o m e  c a s e s  m o d i f y ,  c o m p u t e r  v i s i o n  t e c h n i q u e s  i n  b i o m e t r i c  a p p l i c a t i o n s .  T w o  n e w  

f e a t u r e  e x t r a c t o r s ,  L B P V L  a n d  L B P L ,  w e r e  p a r t i c u l a r l y  u s e f u l  i n  c o m b a t i n g  b a d  l i g h t i n g  

c o n d i t i o n s  t h a t  a r e  e s p e c i a l l y  p r e v a l e n t  i n  i m a g e - b a s e d  b i o m e t r i c s ,  w h i l e  a l s o  e f f e c t i v e l y  

r e d u c i n g  f e a t u r e  d i m e n s i o n a l i t y .  W h i l e  b o t h  i m p r o v e d  c l a s s i f i c a t i o n  r e s u l t s  c o m p a r e d  w i t h  

H E ,  H E L  a n d  t h e  o t h e r  m e t h o d s  m e n t i o n e d  i n  t h e  l i t e r a t u r e  ( C h a p t e r  3 ) , L B P V L  p r o v e d  

t o  b e  m o s t  e f f e c t i v e  o v e r a l l  a s  i t  w a s  e f f i c i e n t  u n d e r  v a r i o u s  l i g h t i n g  c o n d i t i o n s  w i t h o u t  

c o n t r i b u t i n g  n o i s e  a s  i n  t h e  c a s e  o f  L B P L .

A l l  c o n t r i b u t i o n s  a n d  g e n e r a l  o b s e r v a t i o n s  t h a t  r e s u l t e d  f r o m  a d d r e s s i n g  t h e  r e s e a r c h  

s t a t e m e n t  w e r e  c o l l a t e d  a n d  p r e s e n t e d  a s  f o u n d a t i o n a l  g u i d e l i n e s  f o r  b i o m e t r i c  f u s i o n  a t  

t h e  f e a t u r e  l e v e l .  T h e s e  g u i d e l i n e s  a r e  i n t e n d e d  a s  a  s t a r t i n g  p o i n t  f o r  f u t u r e  s t u d i e s  

t o  c o n s t r u c t  e f f i c i e n t  b i o m e t r i c  s y s t e m s  a n d  u p o n  i m p l e m e n t a t i o n  e x t e n d  t h e  g u i d e l i n e s  

b a s e d  o n  a d d i t i o n a l  s c e n a r i o s .
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W i t h  t h e  c o n c l u s i o n  o f  t h i s  c o m p r e h e n s i v e  s t u d y  o n  m u l t i m o d a l  b i o m e t r i c  f u s i o n  a t  t h e  

f e a t u r e  l e v e l ,  a l l  r e s e a r c h  o b j e c t i v e s  h a v e  b e e n  m e t .

I n  a d d i t i o n ,  t h i s  r e s e a r c h  h i g h l i g h t s  t h e  r e l e v a n c e  o f  c o m p u t e r  v i s i o n  i n  s o l v i n g  g a p s  

w i t h i n  t h e  b i o m e t r i c s  f i e l d  o f  s t u d y .  T h e  k n o w l e d g e  p a s s e d  o n  i n  t h i s  r e s e a r c h  s e r v e s  a s  a  

f o u n d a t i o n  a n d  a i d  t o  f u r t h e r  a d v a n c e m e n t s  i n  m u l t i m o d a l  b i o m e t r i c s  a t  t h e  f e a t u r e  l e v e l  

a n d  r e l a t e d  f i e l d s .

11.3 Future Work

T h r e e  d i r e c t i o n s  f o r  f u t u r e  w o r k  a r e  p r o v i d e d  b e l o w .

D y n a m i c  w e i g h t i n g  a p p r o a c h e s  c a n  b e  a u t o m a t e d  w i t h  t h e  u s e  o f  a  q u a l i t y  m e t r i c  a l 

g o r i t h m  b a s e d  o n  s t r u c t u r a l  s i m i l a r i t y  i n d e x .  T h i s  i s  s u g g e s t e d  a s  o n e  o f  t h e  s t e p s  f o r  

m a k i n g  b i o m e t r i c  a p p l i c a t i o n s  e n v i r o n m e n t a l l y  a w a r e ,  w h i c h  i s  e s p e c i a l l y  h e l p f u l  w h e n  

u s e r / a d m i n  i n t e r v e n t i o n  i s  d i s c o u r a g e d  a n d  t o w a r d s  t e s t i n g  s e l f  s u f f i c i e n t  b i o m e t r i c  s y s 

t e m s .

A d d i t i o n a l  c l a s s i f i e r s  a n d  f e a t u r e  e x t r a c t i o n  a l g o r i t h m s  c a n  b e  e v a l u a t e d  b y  f o l l o w i n g  a  

s i m i l a r  m e t h o d o l o g y  a n d  s e t  o f  r e s e a r c h  o b j e c t i v e s .  T h e s e  c a n  u l t i m a t e l y  b e  c o m p a r e d  

w i t h  t h e  f e a t u r e - c l a s s i f i e r  c o m b i n a t i o n s  u s e d  i n  t h i s  t h e s i s .

T h e  g u i d e l i n e s  c a n  b e  s t r u c t u r e d  i n  a  p r a c t i c a l  w a y  t h a t  a l l o w s  f o r  a u t o m a t i c  a p p l i c a t i o n  

( a d a p t a t i o n )  t o  b i o m e t r i c  s y s t e m s  i n  t h e  f i e l d .  A d d i t i o n a l  g u i d e l i n e s  c a n  a l s o  b e  r e c o r d e d  

b y  f o l l o w i n g  t h e  p r o p o s e d  m e t h o d o l o g y  i n  f u t u r e  r e l a t e d  s y s t e m s .
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Appendix A

Ranked Samples

( a )  C la ss  23  train 
ing

( b )  C la ss  23  te st ( c )  C lass  31 train 
ing

( e )  C la ss  4 7  train - ( f )  C la ss  4 7  test ( g ) C la ss  49  train -
in g  ing

F i g u r e  A . 1 :  R a n k e d  f i n g e r p r i n t  s a m p l e s  w i t h  b a d  t r a i n i n g

( a )  C la ss  21 train 

ing

( b )  C la ss  21 test ( c )  C lass  44  train 

ing

F i g u r e  A . 2 :  R a n k e d  i r i s  s a m p l e s .

( d )  C la ss  31 test

( h )  C la ss  4 9  test

i m a g e s .

( d )  C la ss  4 4  test
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( b )  C la ss  50  te st ( c )  C la ss  50  test

F i g u r e  A . 3 :  C o r r e c t l y  i d e n t i f i e d  f a c e  s a m p l e s .

( a )  C la ss  38  train 

ing

( d )  C la ss  39  train 

ing

( b )  C la ss  38  test

s
( c )  C la ss  38  test

( e )  C lass  39  test

F i g u r e  A . 4 :  M i s i d e n t i f i e d  f a c e  s a m p l e s .

( a )  C la ss  31 g o o d  
train in g

( b )  C lass  31 g o o d  ( c )  C la ss  20  b ad

te st train in g

( d )  C la ss  20  b a d  
test

F i g u r e  A . 5 :  R a n k e d  p a l m p r i n t  s a m p l e s



Appendix B

Code Implementation

T h e  c o d e  p r o v i d e d  i n  t h i s  a p p e n d i x  u s e s  O p e n C V  a n d  D l i b  l i b r a r i e s  w h i c h  a r e  u n d e r  

t h e  t e r m s  o f  t h e  G N U  G e n e r a l  P u b l i c  L i c e n s e .  S e c t i o n s  B . 1 , B . 2 , B . 3  a n d  B . 4 , p r o v i d e  

c o d e  s p e c i f i c  t o  r e s p e c t i v e  b i o m e t r i c  m o d a l i t i e s .  S e c t i o n  B . 5  c o n t a i n s  t h e  m a i n  c o d e  t h a t  

c a r r i e s  o u t  p r e p r o c e s s i n g ,  m o d a l i t y  s p e c i f i c  p r o c e s s i n g ,  p o s t p r o c e s s i n g  a n d  c l a s s i f i c a t i o n ,  

a s  d e s c r i b e d  i n  t h e  o v e r v i e w  o f  C h a p t e r  4 .

E i g e n ,  F i s h e r  a n d  L B P H  m o d e l s  a r e  b u i l t  u s i n g  O p e n C V ’ s  F a c e r e c o g n i z e r  c l a s s ,  w h i l e  

S V M  m o d e l s  a r e  b u i l t  b y  p i p i n g  p i x e l  d a t a  t o  a n  e x t e r n a l  f i l e ,  w h i c h  i s  u s e d  b y  L i b l i n e a r .  

C o d e  l a r g e l y  s i m i l a r  t o  r e s p e c t i v e  l i b r a r y  e x a m p l e s  i s  o m i t t e d  ( s p a c e  l i m i t a t i o n s )  b u t  

m e n t i o n e d .  F u r t h e r m o r e ,  b a s h  a n d  P y t h o n  s c r i p t s  u s e d  t o  o r g a n i z e  d a t a s e t s  f o r  t r a i n i n g  

a n d  t e s t i n g  o f  a l l  c o m b i n a t i o n s  a r e  a l s o  o m i t t e d  f r o m  t h i s  a p p e n d i x .  T h e  f u l l  v e r s i o n  o f  

t h i s  c o d e  i s  a v a i l a b l e  a t :  https://github.com/browndane/fuseFF.

B.1 Fingerprint Specific Code

T h e  f u n c t i o n  d e t e r m i n e C o r e ( )  i s  b a s e d  o n  c o d e  s n i p p e t s  i n  B i o m e t r i c  M e t h o d s  c o u r s e  a t  

U n i v e r s i t y  o f  W r o c a w  a n d  i s  a v a i l a b l e  a t :  h t t p s : / / g i t h u b . c o m / r t s h a d o w / b i o m e t r i c s .
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L i s t i n g  B . 1 :  F i n g e r p r i n t  A l g o r i t h m  ( f i n g e r p r i n t . c p p ) .

v o i d  c r o p F i n g e r (  Mat& im g )

{
n o r m a l i z e ( i m g , im g ,  0 . 0 ,  2 5 5 . 0 ,  NORMMINMAX, CV _8U ) ;

f l o a t  r o i S i z e  =  p r e s e g ( i m g ) ;  

d e t e r m i n e C o r e  ( i m g )  ;

M at s h i f t  =  s h i f t I m g  ( i m g ,  i m g . c o l s / 2  — c o r e . x ,  i m g . r o w s / 2  — c o r e . y ) ;

M at te m p 1  , t e m p 2  , t e m p 3  , t e m p 4  , t e m p 5  , t e m p 6  ;

M at r o t a t  =  r o t I m g  ( s h i f t  , c o r e  , 1 8 0 / C V P I  * a n g l e B e t w e e n  ( c o r e  , m i n P o i n t )  , 1) ;

/ / c r o p  a c c o r d i n g  t o  c o r e  p o s i t i o n

R e c t  r o i  =  R e c t  ( s h i f t . c o l s / 2  — r o i S i z e  * 0 . 7 5 ,  s h i f t .  r o w s  /  2 — r o i S i z e  * 0 . 7 5 ,  r o i S i z e  , 

r o i S i z e ) ;

R e c t  r o i 2  =  R e c t (  s h i f t  . c o l s / 2  — r o i S i z e  * 0 . 5 ,  s h i f t . r o w s / 2  — r o i S i z e  * 0 . 5 ,  r o i S i z e / 1 . 5 ,  

r o i S i z e / 1 . 5 ) ;

R e c t  r o i 3  =  R e c t ( s h i f t . c o l s / 2  — r o i S i z e * 0 . 2 5 ,  s h i f t . r o w s / 2  — r o i S i z e * 0 . 2 5 ,  r o i S i z e  

* 0 . 7 5 ,  r o i S i z e  * 0 . 7 5 )  ;

/ / r o t a t e  b y  c o r e  a n d  m i n u t i a e  u s i n g  a f f i n e  t r a n s f o r m a t i o n

/ / r o i  =  75%

/  /  r o  i 2 =  50%

/  /  r o  i 3 =  25% 

r o t a t  ( r o i ) ;  

r o t a t  ( r o i 2 ) ; 

r o t a t  ( r o i 3 ) ;

/ / r e s i z e  t o  5 0 t h  p i x e l

r e s i z e  ( r o t a t  ( r o i )  , t e m p 4  , S i z e ( r o i S i z e  , r o i S i z e )  ,0  ,0  , IN TE R _LA NC ZOS4) ; 

r e s i z e ( r o t a t  ( r o  i 2 ) , t e m p 5  , S i z e ( r o i S i z e  /  1 .5  , r o i S i z e  /  1 . 5 )  ,0  ,0  , INTER_LANCZOS4) ; 

r e s i z e  ( r o t a t  ( r o  i 3 ) , t e m p 6  , S i z e ( r o i S i z e  * 0 . 7 5  , r o i S i z e  * 0 . 7 5 )  ,0  ,0  , IN T E R L A N C Z O S 4 ) ;

}
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B.2 Face Specific Code

T h e  f r o n t a l i z a t i o n  c o d e  f o r  f a c e  s e g m e n t a t i o n  w a s  a d o p t e d  f r o m  t h e  e x a m p l e s  b y  a u t h o r  

S a t y a  M a l l i c k 1 . V R A  u s e s  t h e  f r o n t a l i z a t i o n  c o d e  a s  a  b a s e .

1

2

L i s t i n g  B . 2 :  F a c e  l a n d m a r k s  ( D l i b ) .

T w o  f u n c t i o n s  d e t e c t L  and  a p p l y T r a i n L  ( )  , b a s e d  on  f a c e l a n d m a r k  . c p p  in  d l i b  e x a m p l e s ,  

c a l c u l a t e  and  g e n e r a t e  t h e  f a c e  m e s h , r e s p e c t i v e l y .

1

2

3

4

5

6

7

8 

9

10

11

12

13

14

15

16

17

18

19

20 

21 

22

23

24

25

26

27

28

29

30

L i s t i n g  B . 3 :  C a l c u l a t e  D e l a u n a y  t r i a n g l e s .

1 https://www.learnopencv.com

https://www.learnopencv.com
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}

}

}

d e l a u n a y T r i  . p u s h _ b a c k  ( in d  ) ;

L i s t i n g  B . 4 :  C a l c u l a t e  p o s e  a n g l e .  * i

f l o a t  c a l c  P o s e  ( Mat& im g )

{
/ /  6 l a n d m a r k s  on  i d e a l  f r o n t a l  f a c e  

s t d  : : v e c t o r < c v  : : P o i n t 2 d >  i m a g e _ p o i n t s  ;

i m a g e _ p o i n t s  . p u s h _ b a c k  ( t r a i n L a n d m a r k s  [ c u r r e n t I d x  ] [  3 7 ] ) ; / /  L e f t  e y e  l e f t  c o r n e r

i m a g e _ p o i n t s  . p u s h _ b a c k  ( t r a i n L a n d m a r k s  [ c u r r e n t I d x  ] [  4 6 ] ) ; / /  R i g h t  e y e  r i g h t  c o r n e r

i m a g e _ p o i n t s  . p u s h _ b a c k  ( t r a i n L a n d m a r k s  [ c u r r e n t I d x  ] [  3 6 ] ) ; / /  N o se  t i p

i m a g e _ p o i n t s  . p u s h _ b a c k  ( t r a i n L a n d m a r k s  [ c u r r e n t I d x  ] [  3 6 ] ) ; / /  C h in

i m a g e _ p o i n t s  . p u s h _ b a c k  ( t r a i n L a n d m a r k s  [ c u r r e n t  I d x  ] [  4 9 ] ) ; / /  L e f t  M ou th  c o r n e r

i m a g e _ p o i n t s  . p u s h _ b a c k  ( t r a i n L a n d m a r k s  [ c u r r e n t I d x  ] [  5 5 ] ) ; / /  R i g h t  m ou th  c o r n e r

/ /  C am era  i n t e r n a l s

d o u b l e  f o c a l _ l e n g t h  =  i m . c o l s ;  / /  A p p r o x i m a t e  f o c a l  l e n g t h .

P o i n t 2 d  c e n t e r  =  c v  : :  P o i n t  2d  ( im  . c o  l s /  2 ,  i m . r o w s  /  2 ) ;  

c v  : : M at c a m e r a _ m a t r i x

=  ( c v  : : M at_  < d o u b l e  >  ( 3 ,  3 )  < <  f o c a l _ l e n g t h  , 0 ,  c e n t e r . x ,  0 ,  f o c a l _ l e n g t h  , c e n t e r . y  

, 0 , 0 , 1) ; 

c v  : : M at d i s t _ c o e f f s

=  c v  : : M a t : : z e r o s  (4  , 1 ,  c v  : : D a t a T y p e < d o u b l e  >  : : t y p e ) ;  / /  A s s u m in g  n o  l e n s

d i s t o r t i o n  in  d a t a s e t  im a g e s

c o u t  < <  ” C am era  M a t r i x  ” < <  e n d l  < <  c a m e r a _ m a t r i x  < <  e n d l  ;

/ /  O u t p u t  r o t a t i o n  and  t r a n s l a t i o n

c v  : : M at r o t a t i o n _ v e c t o r  ; / /  R o t a t i o n  in  a x i s  —a n g l e  f o r m  

c v  : : M at t r a n s l a t i o n _ v e c t o r  ;

/ /  S o l v e  f o r  p o s e  u s i n g  p e r s p e c t i v e  —n— p o i n t

c v : : s o l v e P n P ( m o d e l _ p o i n t s ,  i m a g e _ p o i n t s ,  c a m e r a _ m a t r i x ,  d i s t _ c o e f f s ,  r o t a t  i o n _ v e c t o r ,  

t r a n s l a t i o n _ v e c t o r  ) ;

/ /  P r o j e c t  a 3D p o i n t  ( 0 ,  0 ,  1 0 0 0 . 0 )  o n t o  t h e  im a g e  p l a n e .

/ /  W e u se  t h i s  t o  d ra w  a l i n e  s t i c k i n g  o u t  o f  t h e  n o s e

v e c t o r < P o i n t 3 d >  n o s e _ e n d _ p o i n t 3 D  ; 

v e c t o r < P o i n t 2 d >  n o s e _ e n d _ p o i n t 2 D  ;

n o s e _ e n d _ p o i n t  3 D . p u s h _ b a c k  ( P o i n t  3d  (0  , 0 ,  1 0 0 0 . 0 ) ) ;

p r o j  ec  t P o i  n t s ( n o s e _ e n d _ p o i n t  3 D , r o t  a t  i o  n _ v e c t o r  , t r a n s l a t  i o  n _ v e c  t o r  , c a m e r a _ m a t r i x  ,
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38

39

40

41

42

43

44

45

46

47

48

49

50

d i s t _c  o  e f f  s ,

n o s e _ e n d _ p o i n t 2 D  ) ;

f o r  ( i n t  i =  0 ;  i <  i m a g e _ p o i n t s  . s i z e  ( )  ; i + + )

{
c i r c l e ( i m ,  i m a g e _ p o i n t s [ i ] ,  3 ,  S c a l a r ( 0 ,  0 ,  2 5 5 ) ,  — 1) ;

}

/  /  c v  : : l i n e ( im , i m a g e _ p o i n t s [ 0 ] ,  n o s e _ e n d _ p o i n t 2 D [ 0 ] ,  c v : : S c a l a r ( 2 5 5 ,  0 ,  0 ) ,  2 ) ;  

/ / r e t u r n  t h e  e s t i m a t e d  p o s e  a n g l e  

r e t u r n  a n g l e B e t w e e n  ( i m a g e _ p o i n t s  [0 ]  , n o s e _ e n d _ p o i n t 2 D  [ 0 ] )  ;

}

T h e  f o l l o w i n g  V R A  i m p l e m e n t a t i o n  u s e s  f r o n t a l i z a t i o n  c o d e  a s  a  b a s e .

L i s t i n g  B . 5 :  F a c e  s e g m e n t a t i o n  ( V R A )  ( f a c e . c p p ) .

1 v o i d  f a c e S e g  ( f  l o a t  m o d e l P o s e A n g l e  )

2 {
3 / /  g e t  p o s e

4 f l o a t  p o s e A n g l e  =  c a l c P o s e  ( f a c e I m a g e s  ) ;

5

6 d e t e c t L  ( f a c e I m a g e s  , 1 ) ;  / /  d l i b  f a c e  l a n d m a r k  d e t e c t i o n

7

8 a p p l y T r a i n L  ( )  ; / /  g e n e r a t e  D e l a u n a y  m esh

9

10 i n t  n u m Im a g es  =  2 ; / / t r a i n e d  m o d e l  im a g e  a g a i n s t  a l l  t e s t  im a g e s

11

12 / /  I d e a l  e y e  p o s i t i o n s  as  r e f e r e n c e  f o r  i n i t i a l  f r o n t a l i z a t i o n

13 v e c t o r < P o i n t 2 f >  e y e c o r n e r D s t  ;

14 e y e c o r n e r D s t . p u s h _ b a c k ( P o i n t 2 f ( 0 . 3 5  * w , h /  3 ) ) ;

15 e y e c o r n e r D s t . p u s h _ b a c k ( P o i n t 2 f ( 0 . 6 5  * w , h /  3 ) ) ;

16

17 v e c t o r  < M a t>  im a g e sN o r m  , b e t w e e n F a c e s  ;

18 v e c t o r < v e c t o r < P o i n t 2 f >  >  p o i n t s N o r m  ;

19

20 / /  8 B o u n d a r y  p o i n t s  f o r  D e la u n a y  T r i a n g u l a t i o n  and  i d e a l  l a n d m a r k s  f o r

f r o n t a l i z a t i o n

21 v e c t o r < P o i n t 2 f >  b o u n d a r y P t s  ;

22 b o u n d a r y P t s . p u s h _ b a c k (  P o i n t 2 f ( 0 , 0 ) )  ;

23 b o u n d a r y P t s . p u s h _ b a c k ( P o i n t 2 f ( w  /  2 ,  0 ) ) ;

24 b o u n d a r y P t s . p u s h _ b a c k ( P o i n t 2 f ( w  — 1 , 0 ) ) ;

25 b o u n d a r y P t s . p u s h _ b a c k ( P o i n t 2 f ( w  — 1 , h /  2 ) ) ;

26 b o u n d a r y P t s  . p u s h _ b a c k  ( P o i n t  2 f  (w  — 1 , h — 1 ) ) ;
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b o u n d a r y P t s  . p u s h _ b a c k (  P o i n t 2 f  (w  /  2 ,  h — 1 ) ) ;  

b o u n d a r y P t s . p u s h _ b a c k ( P o i n t 2 f ( 0 ,  h — 1 ) ) ;  

b o u n d a r y P t s . p u s h _ b a c k ( P o i n t 2 f ( 0 ,  h /  2 ) ) ;

/ / f i n d a v e r a g e  o f t r a n s f o r m e d la n d m a r k s f o r VRA and

/ / w arp im a g e s  and t r a n s f o r m e d la n d m a r k s t o o u t p u t  c o o r d i n a t e  s y s t e m

i n t  c n t E v e n  =  0 ;  

i n t  c n t E v e n 2  =  0;

f o r  ( s i z e _ t  i d x  =  0 ;  i d x  <  f a c e I m a g e s . s i z e ( )  — 1;

i d x + + )  / /  t r a i n  ( f i r s t  im g )  & i t e r a t e d  t e s t  im a g e  w i t h  sam e a n g l e

{
/ /  S p a c e  f o r  a v e r a g e  la n d m a r k  p o i n t s

v e c t o r  < P o i n t 2 f  >  p o i n t s A v g  ( t r a i n L a n d m a r k s  [ 0 ]  . s i z e  ( )  ) ; 

i n t  g l o b a l I d x  =  0 ;

f o r  ( s i z e _ t  i1 =  i d x ;  i1 <  i d x  +  2 ;  i 1 + + )

{
i n t  c u r r e n t I d x  =  i 1 ;

i f  ( c n t E v e n  % 2 ==  0 )

c u r r e n t I d x  = 0 ;

e l s e

c u r r e n t I d x  = i 1 ;

v e c t o r < P o i n t 2 f >  e y e c o r n e r S r c  , e y e c o r n e r R e f ;

v e c t o r < P o i n t 2 f >  p o i n t s  =  t r a i n L a n d m a r k s  [ c u r r e n t I d x  ] ;

e y e c o r n e r S r c  . p u s h _ b a c k ( t r a i n L a n d m a r k s  [ c u r r e n t I d x  ] [ 3 7 ]  ) ; 

e y e c o r n e r S r c  . p u s h _ b a c k ( t r a i n L a n d m a r k s  [ c u r r e n t I d x  ] [ 4 6 ]  ) ;

/ /  C a l c u l a t e  s i m i l a r i t y  t r a n s f o r m

M at t f o r m  ;

s i m i l a r i t y T r a n s f o r m  ( e y e c o r n e r S r c  , e y e c o r n e r D s t  , t f o r m )  ;

/ /  A p p l y  s i m i l a r i t y  t r a n s f o r m  t o  i n p u t  im a g e  a n d  l a n d m a r k s

M at im g =  M a t : :  z e r o s  (h  , w , C V _ 3 2 F C 1 ) ;

w a r p A f f i n e ( t r a i n C r o p F a c e I m a g e s  [ c u r r e n t I d x ]  , im g , t f o r m  , im g . s i z e ( )  ) ; 

t r a n s f o r m  ( p o i n t s  , p o i n t s  , t f o r m )  ; / /  u p d a t e  p o i n t s  p o s  b a s e d  on  t r a n  mat

/ /  C a l c u l a t e  a v e r a g e  l a n d m a r k  l o c a t i o n s

f o r  ( s i z e _ t  j =  0 ;  j <  p o  in t  s . s i z e ( )  ; j + + )  / /  r e f  s a m p le  p r o b l e m  h e r e
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p o i n t s A v g [ j ]  + =  p o i n t s  [ j ]  * ( 1 . 0  /  n u m I m a g e s ) ; / / w a r p i n g  b e t w e e n  a n g l e

/ /  A p p e n d  b o u n d a r y  p o i n t s .  W i l l  b e  u s e d  in  D e l a u n a y  T r i a n g u l a t i o n  

f o r  ( s i z e _ t  j =  0 ;  j <  b o u n d a r y P t s  . s i z e  ( )  ; j + + )  

p o i n t s . p u s h _ b a c k ( b o u n d a r y P t s [ j  ] ) ;

p o i n t s N o r m .  p u s h  _ b a c k (  p o i n t s )  ;

im a g e s N o r m  . p u s h _ b a c k  ( i m g ) ; / /  s t r a i g h t e n e d  f a c e  a c c o r d i n g  t o

s im i  l a r  i t  y T  r a n  s f o r  m  ( e y e s )

c n t E v e n + + ;

}

/ /  A p p e n d  b o u n d a r y  p o i n t s  t o  a v e r a g e  p o i n t s .  

f o r  ( s i z e _ t  j =  0 ;  j <  b o u n d a r y P t s  . s i z e  ( )  ; j + + )

{
p o i n t s A v g . p u s h _ b a c k ( b o u n d a r y P t s [ j  ] )  ;

}

/ /  g e t  D e la u n a y  t r i a n g l e s  

R e c t  r e c t ( 0 ,  0 ,  w , h )  ; 

v e c t o r < v e c t o r < i n t >  >  d t  ;

c a l c u l a t e D e l a u n a y T r i a n g l e s  ( r e c t  , p o i n t s A v g  , d t ) ;

/ /  S p a c e  f o r  o u t p u t  im a g e

M at o u t p u t  =  M a t : :  z e r o s  ( h , w , C V 3 2 F C 1 ) ;

S i z e  s i z e  (w ,  h ) ;

/ /  c h e c k  f o r  V R A  m e th o d

a n g l e D i f f e r e n c e  =  p o s e A n g l e  — m o d e l P o s e A n g l e  ; 

i f  ( a n g l e D i f f e r e n c e  <  0 )

{
m i r r o r  ( im g )  ;

t r a n s f o r m  ( p o s e A n g l e  , m o d e l P o s e A n g l e ) ;  / / u p d a t e  a n g l e s

}

i f  ( p o s e A n g l e  — m o d e l P o s e A n g l e  >  3 0 )

{
i f  ( i d e n t i f i c a t i o n  =  1)

{

g e t F i x e d M o d e l P o s e  ( )  ; / / 3 0  , 4 5 , 6 0 , 7 5  d e g r e e s  

g o t o  f i n i s h I d e n  ;

}
e l s e

g e t M o d e l P o s e  ( )  ; / /  a l l  a v a i l a b l e  ( v e r i f i c a t i o n )
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a n g l e D i f f e r e n c e  ( p o s e A n g l e  , m o d e l P o s e A n g l e )  ;

/ /  W arp  i n p u t  im a g e s  t o  a v e r a g e  im a g e  l a n d m a r k s  

i f  ( p o s e A n g l e  < 6 0  || m o d e l P o s e A n g l e  < 6 0 )  / / w a r p  b o t h  i n p u t  a n d  d a t a b a s e  t o  

i n b e t  w e e n  a n g l e

f o r ( s i z e _ t  i2  =  i d x ;  i2  <  i d x  +  2 ;  i 2 + + )

{

i n t  c u r r e n t I d x  =  i 2 ;

i f  ( c n t E v e n 2  % 2 = =  0) 

c u r r e n t I d x  =  0 ;

e l s e

c u r r e n t I d x  =  i2  ;

c u r r e n t I d x

M at im g  =  M a t : :  z e r o s  (h  , w , C V _ 3 2 F C 1 ) ;

/ /  T r a n s f o r m  t r i a n g l e s  o n e  b y  on e  

f o r  ( s i z e _ t  j =  0 ;  j <  d t . s i z e ( ) ;  j + + )

{
/ /  I n p u t  a n d  o u t p u t  p o i n t s  c o r r e s p o n d i n g  t o  j t h  t r i a n g l e  

v e c t o r < P o i n t 2 f >  t i n  , t o u t ;  

f o r  ( i n t  k =  0 ;  k <  3 ;  k + + )

{
P o i n t 2 f  p In

=  p o i n t s N o r m  [ c n t E v e n 2  ] [  d t  [ j ] [  k ] ]  ; / /  c n t E v e n 2  i n s t e a d  o f  

c o n s t r a i n  P o i n t ( p I n , s i z e ) ;  / /  c a t e r s  f o r  o v e r l a p p i n g  p i x e l s  o f

t r i a n g l e s

t r i a n g l e s

P o i n t 2 f  p O u t  =  p o i n t s A v g  [ d t  [ j ] [ k ] ] ;

c o n s t r a i n  P o i n t  ( p O u t , s i z e ) ;  / /  c a t e r s  f o r  o v e r l a p p i n g  p i x e l s  o f

t i n  . p u s h _ b a c k ( p I n ) ; 

t o u t  . p u s h _ b a c k  ( p O u t )  ;

}

/ /  W arp  b o t h  i n p u t  and  d a t a b a s e  im a g e s  a n d  t r a n s f o r m  la n d m a r k s  t o  

o u t p u t  c o o r d i n a t e  s y s t e m  ,

im a g e s

w a r p T r i a n g l e  (

im a g e s N o r m  [ c n t E v e n 2  ] , im g ,  t i n  , t o u t )  ; / /  i n p u t  a n d  d a t a b a s e

/ / w a r p  o n l y  i n p u t  f o r  i d e n  

f i n i s h I d e n  : 

w a r p T r i a n g l e  (
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im a g e s N o r m  [ c n t  E v e n 2  ] , i Im g  , t i n ,  t o u t ) ;  / /  i n p u t  im a g e s  o n l y  

i f  ( i d e n t i f i c a t i o n  =  1)

{
im g .  c l e a r  ( ) ;  / / r e m o v e  d a t a b a s e  im a g e s  

im g ( i I m g )  ;

}

}

}

/ /  A d d  p i x e l  b l o c k  i n t e n s i t i e s  f o r  b l e n d i n g  w a r p e d  t r i a n g l e  

o u t p u t  =  o u t p u t  +  i m g ;

im g  . c o n v e r t T o  ( im g , C V _8U C 1, 2 5 5 ) ;

b e t w e e n  F a c e s  . p u s h _ b a c k  ( im g )  ;

b e t w e e n P a t h s . p u s h _ b a c k ( p a t h s [ c u r r e n t I d x ] )  ; / /  new  p a t h s

c n t E v e n 2 + + ;

}

e l s e

{
t r a n s f o r m  ( p o i n t s  , b o u n d a r y P t s ,

t f o r m ) ;  / /  w arp  t o  r e f e r e n c e  a n g l e  f o r  <  30 d e g r e e s  ( o r  f r o n t a l i z a t i o n )  

w a r p A f f i n e ( t r a i n C r o p F a c e I m a g e s  [ c u r r e n t I d x ]  , im g , t f o r m  , im g . s i z e ( )  ) ;

}
/ /  D i v i d e  b y  n u m Im a g es  t o  g e t  a v e r a g e  

o u t p u t  =  o u t p u t  /  ( d o u b l e ) n u m I m a g e s ;

}

/ /  s t o r e  VRA f a c e

v e c t o r < M a t >  b e t w e e n F a c e s F i n a l  ;

f o r  ( s i z e _ t  i =  0 ;  i <  b e t w e e n F a c e s . s i z e ( ) ;  i + + )

{
M at f i n a l I m g  =  M a t : : z e r o s  ( b e t w e e n F a c e s  [ i ] . r o w s  , b e t w e e n F a c e s  [ i ] . c o l s  , C V _8U C 1 ) ;

i f  ( i %  2 = =  0)

{
f i n a l M a s k  =  M at : : z e r o s  ( b e t w e e n F a c e s  [ i +  1 ] .  r o w s  , b e t w e e n F a c e s [ i  +  1 ] . c o l s  ,

C V _8U C1) ;

f o r  ( i n t  y  =  0 ;  y  <  b e t w e e n F a c e s  [ i +  1 ] . c o l s ;  y + + )

{
f o r  ( i n t  x  =  0 ;  x  <  b e t w e e n F a c e s  [ i +  1] . r o w s ;  x + + )

{
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203 i f ( b e t w e e n F a c e s  [ i  +  1 ] . a t < u c h a r  > ( x ,  y )  ! =  0 )

204 {

205 f i n a l M a s k . a t < u c h a r  > ( x ,  y )  =  2 5 5 ;

206 }
207 }
208 }
209 b e t w e e n F a c e s  [ i ] .  c o p y T o ( f i n a l I m g  , f i n a l M a s k ) ;  / /  f i x  o v e r l a p

210 }

211 e l s e

212 {
213 b e t w e e n F a c e s  [ i ] . c o p y T o ( f i n a l I m g  )

214 }
215 b e t w e e n F a c e s F i n a l . p u s h _ b a c k ( f i n a l I m g ) ;

216 }

B.3 Palmprint Specific Code

L i s t i n g  B . 6 :  p a l m p r i n t . c p p

1

2

3

4

5

6

7

8 

9

10

11

12

13

14

15

16

17

18

19

20 

21 

22

v o i d  f in d M I C  ( )

{
/ / b o u n d e d  b y  p a lm

f i n d C o n t o u r s  ( t h r  , c o n t o u r s ,  h i e r a r c h y ,  CV_RETR_CCOMP,

CV_CHAIN_APPROX_SIMPLE) ; / /  F in d  t h e  c o n t o u r s  in  t h e  im a g e  

f o r  ( i n t  i =  0 ;  i <  c o n t o u r s  . s iz  e ( )  ; i + + )  / /  i t e r a t e  t h r o u g h  e a c h  c o n t o u r .

{
d o u b l e  a =  c o n t o u r  A r e a  ( c o n t o u r s  [ i ] , f a l s e ) ;  / /  F in d  t h e  a r e a  o f  c o n t o u r  

i f  ( a  >  l a r g e s t _ a r e a )

{

l a r g e s t _ a r e a  =  a ;

l a r g e s t _ c o n t o u r _ i n d e x  =  i ;  / /  S t o r e  t h e  i n d e x  o f  l a r g e s t  c o n t o u r  

b o u n d i n g _ r e c t  =  b o u n d i n g R e c t  ( c o n t o u r s  [ i ] )  ; / /  F in d  t h e  b o u n d i n g  r e c t a n g l e  f o r

b i g g e s t  c o n t o u r

}

}

}

v o i d  p a l m S e g m e n t a t i o n  ( )

{
M at s k i n ;

i f  ( i s G r a y I m a g e  ( i m a g e ) = =  0 )  / /  u s e  s k i n  i f  c o l o r  im a g e  

s k i n  =  G e t S k i n  ( e I m g ) ;

23 e l s e
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{
c v t C o l o r  ( e I m g  , e Im g  , CV_BGR2GRAY) ;

t h r e s h o l d  ( e I m g  , s k i n ,  6 0 ,  2 5 5 ,  THRESH_BINARY | C V_THRESH_OTSU) ;

/ /  c v t C o l o r  ( s k in  , s k i n ,  CV_GRAY2BGR) ;

}
/  /  c o n t o u r s

i f  ( i s G r a y I m a g e (  i m a g e ) = =  0)

c v t C o l o r  ( s k i n  , s k in  , CV_BGR2GRAY) ;

i n t  e r o s i o n _ s i z e  =  4 ;

M at e l e m e n t  =  g e t S t r u c t u r i n g E l e m e n t  (M OR PH C R OSS,

S i z e ( 2  * e r o s i o n _ s i z e  +  1 , 2  * e r o s i o n _ s i z e  +  1 ) ,  P o i n t ( e r o s i o n _ s i z e  , 

e r o s i o n _ s i z e ) )  ;

f i n d C o n t o u r s ( s k i n  , c o n t o u r s  , h i e r a r c h y  , C V _RE TR _TRE E , CV_CH AIN_APPROX_SIM PLE, P o i n t  

( 0 ,  0 ) ) ;

i n t  s =  f i n d B i g g e s t C o n t o u r  ( c o n t o u r s ) ; / /  r e m o v e  i n n e r  c o n t o u r s

M at d r a w in g  =  M a t : :  z e r o s  ( e I m g  . s i z e  ( )  , C V _8U C1) ;

d r a w C o n t o u r s  ( d r a w in g  , c o n t o u r s ,  s ,  S c a l a r ( 2 5 5 ,  0 ,  0 ) ,  - 1 ,  8 ,  h i e r a r c h y ,  0 ,  P o i n t  ( ) ) ;  

/ /  g e t  hand

d r a w in g  . c o p y T o  ( c l e a n H a n d  ) ;

c o n t o u r s . c l e a r ( ) ;  

h i e r a r c h y  . c l e a r  ( )  ;

M at c l e a n H a n d 2  ;

c l e a n H a n d  . c o p y T o  ( c l e a n H a n d 2  ) ;

f i n d C o n t o u r s  ( c l e a n H a n d 2  , c o n t o u r s ,  h i e r a r c h y ,  C V _ R E T R T R E E , C V _CH A IN _A P PR O X ^O N E , 

P o i n t  (0  , 0 )  ) ;

f o r  ( i n t  i =  0 ;  i <  c o n t o u r s . s i z e ( )  ; i + + )

{

f o r  ( i n t  j =  0 ;  j <  c o n t o u r s [ i ] .  s i z e ( ) ;  j + + )

{
i f  ( c o n t o u r s [ i ] [ j ] . y  <  c o n t o u r s [ i ] [ j  +  1 ] . y )

c n t U p + + ;

i f  ( c o n t o u r s  [ i ] [ j ] . y  >  c o n t o u r s [ i ] [ j  +  1 ] . y  && f o u n d F i n g  ! =  1) 

c n t D o w n + + ;

i f  ( c n t U p  >  3)

{
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c n t U p  =  0 ;  

f o u n d F i n g  =  0 ;

}
/ /  i n i t i a l  c h e c k  f o r  f i n g e r s

i f  ( c n t D o w n  >  t h r e s D i s t  && c o n t o u r s  [ i ] [ j — t h r e s D i s t ] . x  >  x B o u n d

&& c o n t o u r s  [ i ] [ j — t h r e s D i s t  ] . x  <  i m a g e  . c o l s  — x B o u n d

&& c o n t o u r s  [ i ] [  j — t h r e s D i s t ] . y  >  y B o u n d

&& c o n t o u r s  [ i ] [ j — t h r e s D i s t  ] . y  <  i m a g e  . r o w s  /  1 . 5 )

c n tD o w n  =  0; 

f o u n d F i n g  =  1;

s o r t C o n t o u r s Y . p u s h _ b a c k ( c o n t o u r s [ i ] [ j  — t h r e s D i s t ] ) ;

}

}

/ /  s o r t  b y  y  t h e n  x  o f  c o n t o u r  a r r a y

s o r t ( s o r t C o n t o u r s Y . b e g i n ( )  , s o r t C o n t o u r s Y . e n d ( )  , s o r t Y ) ;  

s o r t ( s o r t C o n t o u r s Y . b e g i n ( )  , s o r t C o n t o u r s Y . e n d ( )  , s o r t X ) ;

f o r  ( i n t  j =  0 ;  j <  s o r t C o n t o u r s Y . s i z e ( ) ;  j + + )

{

i f  ( (  a b s  ( s o r t  C o n t o u r s  Y  [ j ] .  y  — s o r t C o n t o u r s Y [ j  +  1 ] . y ) <  y T h r e s h  * 3

&& a b s  ( s o r t C o n t o u r s Y  [ j ] . x  — s o r t  C o n t o u r s Y  [ j +  1 ] . x )  <  x T h r e s h  /  2 && c n t Y

= =  0)

|| ( a b s ( s o r t C o n t o u r s Y [ j ] . y  — s o r t C o n t o u r s Y [ j  +  1 ] . y ) <  y T h r e s h  * 1 .5

&& a b s  ( s o r t C o n t o u r s Y  [ j ] .  x  — s o r t C o n t o u r s Y  [ j +  1 ] . x )  <  x T h r e s h  && c n t Y

= =  0 ) )

{
c o u t  < <  ” 1 s t  p o i n t ” < <  j < <  e n d l ;

n e w R e f  =  s o r t C o n t o u r s Y  [ j ] ; / /  u p d a t e  r e f

p o i s  . p u s h _ b a c k ( s o r t  C o n t o u r s Y  [ j  ] )  ;

c n t Y + + ;

}
e l s e  i f  ( (  a b s  ( n e w R e f . y  — s o r t C o n t o u r s Y [ j ] . y )  <  y T h r e s h  * 3

&& a b s ( n e w R e f . x  — s o r t C o n t o u r s Y  [ j ] .  x )  <  x T h r e s h  /  2 && c n t Y  = =  1)

|| ( a b s  ( n e w R e f . y  — s o r t C o n t o u r s Y [ j ] . y )  <  y T  h resh  * 1 .5

&& a b s ( n e w R e f . x  — s o r t C o n t o u r s Y  [ j ] .  x )  <  x T h r e s h  && c n t Y  = =  1 ) )

{

c o u t  < <  ” 2 nd  p o i n t ” < <  j < <  e n d l  ;

i f  ( s o r t C o n t o u r s Y  [ j ] .  x  >  i m a g e . c o l s  /  4

&& s o  rt  C o n t o u r s Y  [ j ] . x  <  im a g e  . c o l s  — im a g e  . c o l s  /  4 )

{
p o i s  . p u s h _ b a c k ( s o r t C o n t o u r s Y  [ j  ] ) ;
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n o r m a l i z e  ( i m g , im g ,  0 . 0 ,  2 5 5 . 0 ,  NORM ^INM AX, C V _8U ) ; 

e q u a l i z e H i s t  ( im g , i m g ) ;

/  /  LoG f i l t e r

M at LOGImg =  LoG ( i m g )  ;

i n t  e l e S i z e  =  1;

M at e l e m e n t  =  g e t S t r u c t u r i n g E l e m e n t  (

MORPH_CROSS, S i z e ( 2  4 e l e S i z e  +  1 ,  2 4 e l e S i z e  +  1 ) ,  P o i n t  ( e l e S i z e ,  e l e S i z e ) ) ;

im g . c o p y T o  ( L O G Im g O r ig )  ;

/ /  d o  h ou g h

/ /  v e c t o r < V e c 3 f >  c i r c l e s I ;

v e c t o r < V e c 3 f >  c i r c l e s L ;  

t u n e H o u g h P a r a m e t e r s  ( p u p  i l S i z e  ) ;

H o u g h C i r c l e s  (

LOGIm g, c i r c l e s L  , CV_HOUGH_GRADIENT, 1 ,  1 0 0 ,  param 1  , p aram 2  , m i n R a d , m a xR ad )  ; / /  

LOGImg

/ /  how  c l o s e  t o  c e n t r e  o f  im a g e  ( a s s u m p t i o n )  

i n t  t o l e r a n c e  =  LOGIm g. r o w s  /  2 ;

P o i n t  c e n t e r P u p i l  =  P o i n t ( 0 ,  0 ) ;

/ /  L o o p  o v e r  a l l  d e t e c t e d  c i r c l e s  a n d  o u t l i n e  th e m  on  t h e  o r i g i n a l  im a g e  

f o r  ( i n t  i =  0 ;  i <  c i r c l e s L .  s i z e ( ) ;  i + + )

{
r a d i u s P u p i l  =  r o u n d  ( c i r c l e s L  [ i ] [ 2 ] ) ;

/ /  a s s u m e  p u p i l  is  c l o s e  t o  c e n t r e  o f  im a g e  as  i n i t a l  s e a r c h  p o i n t  

i f  ( (  n o r m ( P o i n t  ( r o u n d  ( c i r c  l e s L  [ i ] [ 0  ] ) , r o u n d  ( c i r c  l e s L  [ i ] [  1 ] )  )

— P o i n t  (L O G Im g. c o l s  /  2 ,  LOGIm g. r o w s  /  2 ) )

<  t o l e r a n c e )

&& r a d i u s P u p i l  >  15)

{

c e n t e r P u p i l  =  P o i n t  ( r o u n d  ( c i r c l e s L  [ i ] [  0 ] ) , r o u n d  ( c i r c l e s L  [ i ] [  1 ] ) )  ;

c i r c l e ( L O G Im g O rig  , c e n t e r P u p i l ,  r a d i u s P u p i l ,  S c a l a r ( 2 5 5 ,  2 5 5 ,  2 5 5 ) ,  7 ) ;

i f  ( b  i g g e s t  R a d  iu s  <  r a d i u s P u p i l )  

b i g g e s t R a d i u s  =  r a d i u s P u p i l  ; 

i f  ( s m a l l e s t  R a d i u s  >  r a d i u s P u p i l )  

s m a l l e s t  R a d i u s  =  r a d i u s P u p i l ;

i =  c i r  c l e s  L . s i z  e ( )  ; / /  d o n e

}

}
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/ /  f i n d  s t a r t  o f  s c l e r a  now  t h a t  we h a v e  p u p i l  c e n t r e  ( s e a r c h i n g  d i r e c t i o n s )

P o i n t  s c l e r a S t a r t ;

P o i n t  s c l e r a S t a r t B a k  ;

c l e a n S c l e r a  . c o p y T o  ( s c l e r a )  ;

/ /  o t s u  m e th o d

t h r e s h o l d  ( im g , s c l e r a ,  s c l e r a T h r e s h  , 2 5 5 ,  CV_THRESH_BINARY | CV_THRESH_OTSU) ; 

i n t  e r o s i o n _ s i z e  =  1;

M at e l e m e n t 2  =  g e t  St  r u c t  u r  i n g E l e m e n t  (M OR PH C R OSS,

S i z e ( 2  * e r o s i o n _ s i z e  +  1 , 2  * e r o s i o n _ s i z e  +  1 ) ,  P o i n t ( e r o s i o n _ s i z e  , 

e r o s i o n _ s i z e  ) ) ;

f o r  ( i n t  y  =  p i x e l J u m p ;  y  <  i m a g e S i z e Y ; y + + )  / /  u s u a l l y  n o t  b i g g e r  t h a n  im a g e  s i z e  

{

i n t  p i x V a l  =  s c  l e r a  . a t < u c h a r  > ( P o i n t  ( c e n t e r P u p i l  . x  , c e n t e r P u p i l  • y  +  y  +  

r a d i u s P u p i l ) )  ;

i f  ( p i x V a l  ! =  0 )  / /  i f  w h i t e

{
s c l e r a S t a r t  =  P o i n t  ( c e n t e r P u p i l  . x  , c e n t e r P u p i l  . y  +  y  +  r a d i u s P u p i l ) ;

f o r ( i n t  i =  0 ;  i <  p i x e l J u m p ;  i + + )  / /  m in s i z e  o f  i r i s  is 20

{
i n t p i x V a l 2

=  s c l e r a  . a t < u c h a r  > (  P o i n t  ( c e n t  e r  P u p il  . x  , c e n t e r P u p i l . y  +  y +

r a d i u s P u p i l +  i ) ) ;
i f ( p i x V a l 2  ! =  0 )  / /  i f  w h i t e

{
s c l e r a S t a r t B a k  =  P o i n t  ( c e n t  e r P  u p  il  . x  , c e  n t  e r  P u p  i l . y +  y  + r a d i u s P u p i l

) ;
c n t + + ;

c i r c l e  ( L O G I m g O r ig , s c l e r a S t a r t ,  7 ,  S c a l a r ( 2 5 5 ,  2 5 5 , 2 5 5 )  , C V F I L L E D ,

8 , 0 )  ;

}

}

c o u t < < ” c n t  ” < <  c n t  < <  e n d l  ;

c o u t < < ” y  ” < <  y  < <  e n d l  ;

i f  ( c n t  >  5)

{
b r e a k  ; / /  d o n e

}
c n t  =  0 ;
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}

i f  ( y  >  i m a g e S i z e Y )  / /  s c l e r a  n o t  f o u n d  

{
s c l e r a S t a r t  =  s c l e r a S t a r t  B a k ;  

b r e a k ; / /  d o n e

}

}

/ /  f i n d  i r i s  and  c h e c k  b o u n d a r i e s

i f  ( i r i s D i s t  +  c e n t  e r P  u p  il  . x  >  b o r d e r )  / /  o u t  o f  b o u n d s  c h e c k  

f i n d B e t t e r I r i s  ( )  ;

e l s e

i r i s D i s t  =  b o r d e r ;  / /  b o u n d  i t  a t  b o r d e r  a s  f a l l b a c k  o p t i o n

c i r c l e  ( L O G I m g O r ig , c e n t e r P u p i l ,  i r i s D i s t ,  S c a l a r ( 2 5 5 ,  2 5 5 ,  2 5 5 ) ,  5 ) ;

/ /  m ask RO I f o r  e y e l a s h  /  o c c  u l s i o n  r e m o v a l

M at m a sk E y e  =  M at : :  z e r o s  ( im g . r o w s  , im g . c o l s ,  C V _8U C 1) ; 

c i r  c l e ( m a sk E ye  , c e n t e r P u p i l ,  i r i s D i s t ,  S c a l a r ( 2 5 5 ) ,  CV_FILLED , 8 ,  0 ) ;

M at m a s k P u p i l  =  M a t : :  z e r o s  ( im g  . r o w s  , im g  . c o l s ,  C V _8U C1) ;

c i r c l e ( m a s k P u p i l  , c e n t e r P u p i l ,  o l d R a d  iu s P  u p i l  , S c a l a r ( 2 5 5 ) ,  C V _F IL L E D , 8 ,  

0 ) ;  / / + 3  f o r  i m p e r f e c t  p u p i l  s h a p e

M at m a s k I r i s  =  Mat : :  z e r o s  ( im g  . r o w s  , im g . c o l s ,  C V _8U C 1) ; 

m a sk E y e  . c o p y T o  ( m a s k I r i s  , 255  — m a s k P u p i l ) ;

M at i r i s  R O I  =  M at : :  z e r o s  ( im g . r o w s  , im g . c o l s ,  C V _8U C 1) ; 

im g . c o p y T o  ( i r i s R O  I , m a s k I r i s ) ;

/ /  b o t t o m  h a l f  i r i s

R e c t  r a d i u s R o i

=  R e c t  ( c e n t  e r  P u p il  . x  — i r i s D i s t  , c e  n t  e r  P u p  i l . y  — i r i s D i s t  , i r i s D i s t  *

* 2 ) ;

M at t e m p R o i ;

( i r i s R O I ( r a d i u s R o i ) )  . c o p y T o  ( t e m p R o i ) ;

R e c t  m yROI =  R e c t  ( 0  , t e m p R o i . r o w s  /  2 , t e m p R o i . c o l s  , t e m p R o i . r o w s  /  2 )  ;

}

2 ,  i r i s D i s t
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B.5 Unimodal and Multimodal Main Code

L i s t i n g  B . 8 :  A l i g n m e n t  o p e r a t i o n s  ( m a s t e r F u s i o n . c p p )

L i s t i n g  B . 9 :  F e a t u r e - c l a s s i f e r  c o m b i n a t i o n s  ( m a s t e r F u s i o n . c p p )

1 

2
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5
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/ / i n c l u d e  n e c e s s a r y  a n d  d e c l a r e d  v a r i a b l e s  h e r e

s t a t i c  v o i d  o p t i m a l R e s i z e ( M a t &  r e I m a g e  , S i z e  f i n a l S i z e )

{

i f  ( o r i g S i z e  . w i d t h  > =  f  i n a l S i z e . w i d t  h && ( m a t c h e r  ! =  ” L ” ) )  

{
r e s i z e T y p e  =  3 ;

r e s i z e  ( r e I m a g e  , r e I m a g e ,  f i n a l S i z e  , r e s i z e T y p e ) ;

}



12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

44

45

46

47

48

49

50

51

52

53

54

55

56

Appendix B. Code Implementation 254

i f  ( o r i g S i z e . w i d t h  <  f i n a l S i z e . w i d t h  && ( m a t c h e r  ! =  ” L ” ) )

{

/ /  c o u t < <  ” i n c r e a s i n g  S i z e ” < <  o r i g S i z e . w i d t h < < e n d l ;

r e s i z e T y p e  =  4 ;

r e s i z e  ( r e I m a g e  , r e I m a g e ,  f i n a l S i z e  , 1 . 5 ,  1 . 5 ,  r e s i z e T y p e ) ;

}
i f  ( m a t c h e r  = =  ” L ” )

{

r e s i z e T y p e  =  4 ;

r e s i z e  ( r e I m a g e  , r e I m a g e ,  f i n a l S i z e  , 1 . 5 ,  1 . 5 ,  r e s i z e T y p e ) ;

}

}
/  /  LoG f i l t e r

v o i d  L o G ( t e m p )

{
i f  ( m a t c h e r  = =  ” L ” )

{
g K e r n e l  =  7 ; 

l K e r n e l  =  5 ; 

s h a r p H ig h  =  0 . 5 ;

}
e l s e

{
g K e r n e l  =  1 7 ;  

l K e r n e l  =  7 ;

}

G a u s s i a n B l u r  ( t e m p  , te m p  , S i z e ( g K e r n e l ,  g K e r n e l ) ,  0 ,  0 ) ;

L a p l a c i a n  ( t e m p , i n p u t ,  C V _ 8 U , l K e r n e l ,  1 ,  0 ,  BORDER_DEFAULT) ;

}

s t a t i c  v o i d  r e a E c s v  ( c o n s t  s t r i n g &  f i l e n a m e  , v e c t o r < M a t > &  im a g e s  , v e c t o r < i n t >&  l a b e l s  , 

v e c t o r < s t r i n g >&  p a t h s  , c h a r  s e p a r a t o r  =  ’ ; ’ )

{

i f s t r e a m  f i l e  ( f i l e n a m e .  c _ s t r  ( )  , i f s t r e a m  : : i n )  ; 

i f  ( !  f  i l e  )

{
s t r i n g  e r r o r  . m e s s a g e  =  ” No v a l i d  i n p u t  f i l e  w as g i v e n ,  p l e a s e  c h e c k  t h e  g i v e n  

f i l e n a m e  . ” ;

C V _ E r r o r  ( C V S t s B a d A r g  , e r r o r _ m e s s a g e )  ;

}
s t r i n g  l i n e  , p a t h ,  c l a s s l a b e l ;  

w h i l e  ( g e t l i n e  ( f i l e  , l i n e ) )

{
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s t r i n g s t r e a m  l i n e s s  ( l i n e  ) ;

g e t  l i n e ( l i n e s s  , p a t h , s e p a r a t o r ) ;

g e t  l i n e ( l i n e s s  , c l a s s l a b e l ) ;

i f  ( !  p a t  h . e m p t y  ( )  && ! c l a s s l a b e l  . e m p t y  ( )  )

{
M at i n p u t  = im r e a d  ( p a t h  , 0 )  ;

M at t e m p  ;

o r i g S i z e  =  S i z e ( i n p u t . c o l s ,  i n p u t .  r o w s ) ;

o p t i m a l R e s i z e ( i n p u t  , S i z e ( f i n a l S i z e  , f i n a l S i z e ) )  ;

i f  ( e n h a n c e T y p e  = = 1) / /  p i x e l  n o r m a l i z a t i o n

{

n o r m a l i z e  ( i n p u t , i n p u t  , 0 . 0  , 2 5 5 . 0  , NORMMINMAX, CV _8U ) ;

i m a g e s . p u s h _ b a c k ( i n p u t ) ;

}
e l s e  i f  ( e n h a n c e T y p e  =  2) / /  HE 

{

e q u a l i z e H i s t  ( i n p u t  , i n p u t )  ; 

i m a g e s . p u s h _ b a c k ( i n p u t ) ;

}

e l s e  i f  ( e n h a n c e T y p e  = =  3 || e n h a n c e T y p e  = =  4)

{

e q u a l i z e H i s t  ( i n p u t  , i n p u t )  ;

L o G ( i n p u t ) ;

im a g e s  . p u s h _ b a c k  ( t e m p )  ;

}

/ /  CLAHE

e l s e  i f  ( e n h a n c e T y p e  = =  4)

{

Ptr<C LA H E > c l a h e  =  c r e a t e C L A H E  ( )  ; 

c la he  —> s e t  C l i p L i m i t ( 3 )  ; 

c l a h e  —> a p p l y  ( i n p u t  , i n p u t )  ;

}

e l s e  i f  ( e n h a n c e T y p e  = =  5 || e n h a n c e T y p e  = =  6)

ELBP and  L L B P (V )

{
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i f  ( e n h a n c e T y p e  = =  6)

{

L o G (  i n p u t ) ;

}
e l s e

i n p u t  . c o p y T o  ( t e m p ) ;

M at t e m p 2  ;

V A R L B P (t e m p ,  t e m p 2  , l b p R a d i u s S i z e  , 

l b p N e i g h b o u r S i z e  ) ;

n o r m a l i z e  ( t e m p 2  , t e m p 2  , 0 ,  2 5 5 ,  N O R M M N M A X , CV _8U ) ;

o p t i m a l R e s i z e  ( t e m p 2  , S i z e ( f i n a l S i z e  , f i n a l S i z e ) ) ;  

t e m p 2  =  ( i n p u t  — t e m p 2 )  * 1 . 1 ;  / /  o r i g  — b a d  f e a t u r e s

im a g e s  . p u s h _ b a c k  ( t e m p 2 ) ;

}
e l s e  i f  ( e n h a n c e T y p e  = =  7) / /  L B P L (V )

{

M at t e m p 2  ;

VARLBP( i n p u t  , t e m p ,  l b p R a d i u s S  iz e  ,

n o r m a l i z e  ( t e m p , t e m p ,  0 ,  2 5 5 ,  NORMMINMAX, CV _8U ) ;

o p t i m a l R e s i z e  ( i n p u t  , S i z e  ( f i n a l S i z e , f i n a l S i z e ) ) ;

o p t i m a l R e s i z e  ( t e m p  , S i z e ( f i n a l S i z e  , f i n a l S i z e )  ) ;

/  /  v a r l b p  o n l y

te m p  =  ( i n p u t  — t e m p )  * 1 . 1 ;  / /  e n h a n c e d  LBPV 

L o G (  i n p u t ) ;

im a g e s . p u s h _ b a c k ( i n p u t ) ;

}
l a b e l s  . p u s h _ b a c k ( a t o i ( c l a s s l a b  e l . c _s t r ( )  ) ) ;

p a t h s  . p u s h - b a c k ( p a t h ) ;

}

}

}
/ / a s s i g n t r a i n  and t e s t  s a m p l e s  f r o m t o t a l  im a g e s

Mat e n h a n c e ( Mat i m a g e )
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{
/ /  n lm e a n s  and  r i d g e  e n h a n c e m e n t  f o r  f i n g e r p r i n t  o n l y

i n t  d e n o i s e S t r  =  7; 

i n t  t e m p l a t e S i z e  =  7 ; 

i n t  s e a r c h S i z e  =  2 1 ;

i n t  s h a r p H ig h  =  3; 

i n t  s h a r p L o w  =  2;

i n t f i l t e r X  = 1 7 ;

i n t f i l t e r Y  = 1 1 ;

M at d e n o i s e  ;

im a g e  . c o p y T o  ( d e n o i s e  ) ;

/ /  d e n o i s e

f a s t N l M e a n s D e n o i s i n g (

i m a g e ,  d e n o i s e ,  d e n o i s e S t r ,  t e m p l a t e S i z e ,  s e a r c h S i z e ) ;  / /  r e m o v e  g a u s s i a n  w h i t e  

n o i s e

/ /  s h a r p e n

G a u s s i a n B l u r (  d e n o i s e  , im a g e  , S i z e ( f i l t e r X ,  f i l t e r Y ) ,  0 ,  0 ) ;  

a d d W e i g h t e d  ( d e n o i s e  , s h a r p H ig h  , im a g e  , s h a r p L o w  * — 1, 0 , i m a g e ) ;

r e t u r n  i m a g e ;

}

M at g a b o r  F i l t  e r  ( Mat& i m a g e ,  i n t  v a r G a b o r  , i n t  la m )

{
/ / t u n e  p a r a m e t e r s

M at g a b o r K e r n e l  =  g e t G a b o r K e r n e l ( K e r n a l S i z e ,  p o s _ s i g m a ,  T h e t a ,  L a m b d a , Gamma, p s i ) ; 

f  i l t  e r  2 D ( im a g e  , im a g e  , C V _32F  , g a b o r K e r n e l )  ; 

im a g e  . c o n v e r t T o  ( im a g e  , C V _32F  , 1 .0  /  2 5 5 ,  0 ) ;

r e t u r n  i m a g e ;

}

v o i d  f e a t u r e C l a s s i f i e r C o m b o ( )

{

/ / c l e a r  v e c t o r s  f o r  i t e r a t i o n s  o f  i d e n t i f i c a t i o n  

t r a i n F u s e d  . c l e a r  ( )  ; 

t e s t F u s e d  . c l e a r  ( )  ;

M at t r a i n D a t a P C A  , t r a i n D a t a P C A 2  , t e s t D a t a P C A  , t e s t D a t a P C A 2  ;
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t r a i n D a t a P C A  =  f o r m a t I m a g e s F o r P C A  ( t r a i n M o d a l i t y  [0 ] )  ; 

t e s t D a t a P C A  =  f o r m a t I m a g e s F o r P C  A  ( t e s t  M o d a l i t  y  [ 0 ] )  ;

i f  ( f n _ c s v  . c o m p a r e  ( f n _ c s v 2  ) ! =  0 )

{
t r a i n D a t a P C A 2  =  f o r m a t I m a g e s F o r P C  A  ( t r a i n M o d a l i t y  [ 1 ] )  ; 

t e s t D a t a P C A 2  =  f o r m a t I m a g e s F o r P C  A  ( t e s t M o d a l i t y  [ 1 ] ) ;

}

M at h C o n T r a in  , h C o n T e s t  ;

i f  ( ( r e d u c t  i o n T y p e  = =  ” PC A b” || r e d u c t  i o n T y p e  = = ” P C A a” ) )

/ /  d o  PCA a f t e r  o r  b e f o r e

e l s e  i f  ( r e d u c t i o n T y p e  = =  ” G a b o r ” ) / /  G a b o r  a f t e r  f u s i o n  

{
g a b o r F i l t e r  ( t r a i n F u s e d  [ i ] , 0 ,  v a r R e d ) ;

}

/ / u s i n g  SVM w i t h  l o g i s t i c  r e g r e s s i o n  f o r  p r o b a b l i t y  s c o r e s  ( o p e n  —s e t  i d e n t i f i c a t i o n )

i f  ( m a t c h e r  = =  ” SVM” || m a t c h e r  = =  ” LR ” )

{
s a v e S V M T r a i n D a t a  ( t r a i n F u s e d  ) ;

s a v e S V M T e s t D a t a  ( t e s t  F u s e d  ) ;

}

e l s e

m o d e l —> t  r a i n  ( t r a i n F u s e d  , t r a i n L a b e l s  ) ; / / f a c  e r  e c  o g  n iz  e r e i g e n ,  f i s h e r  and  l b p h

}

/ / i f  n o t  o t h e r  f e a t u r e  r e d u c t i o n  is  p e r f o r m e d  t h e n  w e ig h  b i o m e t r i c s  ( i f  a p p l i c a b l e ) ,

e l s e  i f  ( r e d u c t  i o n T y p e  = =  ” N o n e ” )

{

f o r  ( i n t  i =  0 ;  i <  t e s t  M o d a l  it  y  [ 0 ] . s iz  e ( )  ; i + + )

{
/ /  h o r i z o n t a l  c o n c a t e n a t i o n

/ /  w e i g h t e d  a v e r a g i n g  5 0 / 5 0  

i f ( w e ig h  = =  1)

{

i f  ( i  <  t r a i n M o d a l i t y  [ 0 ] .  s i z e  ( )  )

{
t r a i n F u s e d  . p u s h _ b a c k  ( m o d a l i t y W e i g h t 2  * t r a i n M o d a l i t y  [ 0 ] [  i ]

+  m o d a l i t y  W e i g h t  1 * t r a i n M o d a l i t y  [ 1 ] [  i ] )  ;

}
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t e s t F u s e d  . p u s h _ b a c k (

m o d a l i t y W e i g h t 2  * t e s t M o d a l i t y  [ 0 ] [ i ] +  m o d a l i t y W e i g h t  1 * t e s t M o d a l i t y

[ 1 ] [ i ] ) ;

— 1)

}
e l s e

{
i f  ( i  <  t r a i n M o d a l i t y  [ 0 ] .  s i z e  ( )  )

{
h c o n c a t ( t r a i n M o d a l i t y  [0 ]  [ i ]  , t r a i n M o d a l i t y  [ 1 ]  [ i ]  , h C o n T r a i n ) ;

G a u s s ia n B  lu r  ( h C o n T r a in  , h C o n T r a i n ,  S i z e  ( 3 ,  3 ) ,  0 ,  0 ) ;

r e s  i z e ( h C o n T r a in  , h C o n T r a i n ,  S iz  e ( h C o n T r a in  . c o  l s — 1 , h C o n T r a in  . r o w s  

r e s i z e T y p e  ) ;

t r a i n F u s e d  . p u s h _ b a c k  ( h C o n T r a in  ) ;

}

h c o n c  a t  ( t e s t M o d a l i t y  [ 0 ]  [ i ]  , t e s t M o d a l i t y  [ 1 ]  [ i ]  , h C o n T e s t )  ;

G a u s s i a n B l u r  ( h C o n T e s t  , h C o n T e s t ,  S i z e  ( 3 ,  3 ) ,  0 ,  0 ) ;

r e s i z e ( h C o n T e s t  , h C o n T e s t ,  S i z e  ( h C o n T e s t  . c o l s  — 1 , h C o n T e s t  . r o w s  — 1) ,

r e s i z e T y p e  ) ;

t e s t F u s e d  . p u s h _ b a c k  ( h C o n T e s t ) ;

}

}
/ /  f u s i o n

i f  ( m a t c h e r  = =  ” SVM” || m a t c h e r  = =  ” LR ” && t r a i n i n g S t a g e  =  1) 

s a v e S V M T r a i n D a t a  ( t r a i n F u s e d  ) ; 

i f  ( m a t c h e r  = =  ” SVM” || m a t c h e r  = =  ” LR ” && t e s t S t a g e  =  1) 

s a v e S V M T e s t D a t a  ( t e s t  F u s e d  ) ;

}

}

e l s e

m o d e l —> t  r a i n  ( t r a i n F u s e d  , t r a i n L a b e l s )  ;

L i s t i n g  B . 1 0 :  M a i n  c o d e  ( m a s t e r F u s i o n . c p p )

i n t  m ain  ( i n t  a r g c  , c o n s t  c h a r  * a r g v  [] )

{
/ /  p a r a m e t e r s  c h o s e n  b a s e d  on bash s c r i p t s
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f n _ c s v  =  s t r i n g ( a r g v  [ 1 ] )  ; 

f n _ c s v 2  =  s t r i n  g ( a r g v  [ 2 ] )  ; 

s a m p l e s  =  a t  o i  ( a r g v  [ 3 ] )  ; 

m a t c h e r  =  s t  r in  g ( a r g v  [ 5 ] ) ; 

e n h a n c e T y p e  =  a t o i ( a r g v [ 6 ] ) ;  

r e d  u c t i o n T y p e  =  s t  r i n g ( a r g v  [ 7 ] ) ; 

v a r R e d  =  a t o f ( a r g v [ 8 ] ) ;  

w e ig h  =  a t o i ( a r g v [ 9 ] ) ;  

f i n a l S i z e  =  a t o i ( a r g v [ 1 0 ] ) ;  

n o C l a s s e s  =  a t o i  ( a r g v  [ 1 1 ] )  ; 

m o d a l i t y T y p e s  =  a t  o f  ( a r g v  [ 1 2 ] )  ;

i f  ( n o C l a s s e s  = =  —1 || m a t c h e r  = =  ” SVM” || m a t c h e r  = =  ” LR ” ) 

t h r e s h I t e r a t i o n s  =  1;

v e c t o r  < s t r i n g  >  p a t h s ;  

v e c t o r  < s t r i n g  >  p a t h s 2  ;

v e c t o r < M a t >  im a g e s  ; 

v e c t o r < M a t >  im a g e s 2  ;

v e c t o r  < i n t  >  l a b e l s  ; 

v e c t o r  < i n t  >  l a b e l s 2  ;

/ /  R ead  in  t h e  d a t a  a n d  e x e c u t e  m o d a l i t y  s p e c i f i c  f u n c t i o n s  w h e r e  a p p l i c a b l e .

t r y

{

i f  ( ( f n _ c s v .  c o m p a r e  ( f n _ c s v 2 )  ! =  0 ) )

{
r e a d _ c s v ( f n _ c s v  , i m a g e s , l a b e l s ,  p a t h s ) ;  

f  i r  s t  S e t =  0 ;

r e a T c s v  ( f ^ c s v 2  , im a g e s 2  , l a b e l s 2  , p a t h s 2 )  ;

m o d a l i t y S p e c i f i c  ( )  ; 

l b p h  A l i g n m e n t  ( )  ;

}

e l s e  i f  ( ( f n _ c s v .  c o m p a r e  ( f  n _ c s  v  2 ) = =  0 )  )

r e a d _ c s v ( f n _ c s v  , i m a g e s , l a b e l s ,  p a t h s ) ;

}
c a t c h  ( c v  : : E x c e p t i o n ^  e )

{
c e r r  < <  ” E r r o r  o p e n i n g  f i l e  \ ” ” < <  f  n _c s v  < <  ” \ ” . R e a s o n  : ” < <  e . m sg < <  e n d l ;

/ /  c e r r  < <  ” E r r o r  o p e n i n g  f i l e  \ ” ” < <  f n _ c s v 2  < <  ” \ ” . R e a s o n :  ” < <  e . m sg < <

e n d l  ;

e x i t  ( 1 )  ;
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}

i f  ( n o C l a s s e s  = =  —1) / /  c l o s e d  —s e t  i d e n t i f i c a t i o n  o n l y  

n o C l a s s e s  =  l a b e l s  [ l a b e l s . s i z e ( )  — 1] +  1; 

c o u t  < <  n o C l a s s e s  < <  e n d l  ;

a s s i g n I m a g e s  ( im a g e s  , l a b e l s  , p a t h s  , s a m p l e s )  ;

t r a i n M o d a l i t y  [0 ]  . sw ap  ( t r a i n I m a g e s )  ; 

t e s t M o d a l i t y  [ 0 ] .  sw ap  ( t e s t I m a g e s )  ;

i f  ( ( f n _ c s v .  c o m p a r e  ( f n _ c s v 2 )  ! =  0 ) )

{
a s s i g n I m a g e s  ( im a g e s 2  , l a b e l s 2  , p a t h s 2  , s a m p l e s )  ;

t r a i n M o d a l i t y  [ 1] . sw ap  ( t r a i n I m a g e s )  ; 

t e s t M o d a l i t y  [ 1] . sw ap  ( t e s t I m a g e s )  ;

}
f e a t u r e C l a s s i f i e r C o m b o  ( )  ;

i f  ( (  f n _ c s v  . c o m p a r e  ( f n _ c s v 2  ) = =  0 ) )  / /  n o  f u s i o n  

{

i f  ( m a t c h e r  = =  ” SVM” || m a t c h e r  = =  ” LR ” && t r a i n i n g S t a g e  =  1) 

s a v e S V M T r a i n D a t a  ( t r a i n F u s e d  ) ; 

i f  ( m a t c h e r  = =  ” SVM” || m a t c h e r  = =  ” LR ” && t e s t S t a g e  =  1) 

s a v e S V M T e s t D a t a  ( t e s t  F u s e d  ) ;

e l s e

m o d e l —> t r a i n  ( t r a i n M o d a l i t y  [0 ]  , t r a i n L a b e l s )  ;

}

/  /  e v a l u a t  e

i f  ( v e r i f i c a t i o n  =  1)

e v a l u a t e V e r f i c a t i o n  ( )  ;

e l s e

e v a  l u a t  e I d e  n t  i f  i c a t  i o n  ( )  ;

}
r e t u r n  0 ;

}
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