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Abstract

Unconstrained Face Recognition for Law Enforcement Applications
by

Richa Singh
Master of Science in Computer Science

West Virginia University
Afzel Noore, PhD, Chair

This research work simulates the human visual cortex by using 2D log polar Gabor wavelet
to extract the facial features. Scale and orientation independent convolution of face image
with Gabor wavelet gives the features in the form of amplitude and phase. The proposed
face recognition algorithm is invariant to frequency, scale, filter orientation, illumination, and
contrast. We evaluated the recognition algorithm on four face databases namely FERET,
CMU AMP, CMU PIE and Notre Dame Face databases. Experimental results show that
using single image for training, phase feature based face recognition performs approximately
5% better than amplitude feature based face recognition.

Another facet of this research involves matching scanned and digital face images. Nor-
malization and transformation algorithms are proposed to resample the scanned and the
digital images into one common domain. Validation is performed on a face database of 500
classes containing both the scanned and digital face images.

Finally, a synthetic face database is prepared to evaluate the performance of the proposed
face recognition algorithm with disguise. The database includes synthetic face images with
single and multiple variations in appearance and feature. Results show that the proposed
algorithm outperforms other recognition algorithms.
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Chapter 1
Introduction

The modern information age gives rise to various challenges that did not exist to the same
extent in earlier times. Two such challenges are the organization of society and its security.
The ever increasing human population and its mobility in all its facets caused an increasing
demand for enhanced ways of transferring data and sharing information, which in turn,
through complex communication structures, gained its own mobility - a mobility that even
outgrew its human counterpart. In this context of increased mobility and world population,
security and organization have become important social issues. As mobility applies to both
humans and information, security includes both security of individuals and their valuables,
and the integrity of data under external influence. Within this environment of increased
importance of security and organization, identification and authentication methods have
developed into a key technology in various areas: entrance control in buildings, access control
for automatic teller machines, or in the prominent field of criminal investigation. These few
examples illustrate the necessity of identification and authentication for the functioning of
modern society.

One of the most widely used approaches for providing security is face recognition. For a
human being, face recognition is an easy task because we learn from the surroundings and
a supervised learning is used to train our brain. This training and learning process is so

remarkable that we can recognize an individual with passage of time, changes in appearance
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and partial occlusion. Because of the near perfect positive identification performance of face
recognition in human, considerable attention has been directed towards the replication of this
ability at electronic level. Automatic face recognition requires the capability to identify an
individual despite many variations in the appearance of face. There are billions of different
faces in the world and since human face is not a unique rigid object, each of them can
have variety of deformations. The variations may be due to inter-personal or intra-personal
transformations. Inter-personal variations can be due to the internal deformations of an
individual such as race or genetics while intra-personal variations can be due to expression,
aging, hair, cosmetics, and facial accessories. Because of these variations, face recognition is
still one of the most challenging problems in computer vision research community.

The process of face recognition can be divided into three steps in order to develop a
systematic scheme. The first step is face detection [56], i.e., finding face in the given image.
An image captured in an uncontrolled environment contains background and other objects.
We first need to separate the face from other regions to perform recognition. Face detection in
itself is a big challenge because the faces may vary in pose and orientation and have different
color and complexion which further vary due to the lighting and background effects. For
performing robust face recognition, output of the face detection process has to be accurate.
Simultaneously, the system must be robust to typical image-acquisition problems such as
noise, video-camera distortion, image resolution, scaling factor and other environmental
constraints.

The unconstrained face images have variations due to the position of the camera, distance
between the person and the camera, and scaling factors. The images may also have color
inconsistencies, varying pose, and illumination effects. These effects lead to degradation in
the recognition performance. Thus a normalization algorithm, which is the second step in
the recognition process, should be applied to compensate these effects. Researchers have
used different algorithms for normalizing face images such as histogram equalization, and
diffusion methods.

The third step in the process is face recognition which includes feature extraction and
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matching. Detected and normalized faces are the input to this module. Features are ex-
tracted using the feature extraction algorithm and then the extracted features are matched
with the stored features using the matching algorithm. In the literature, there are several
algorithms for face recognition proposed by various researchers. The first documented work
in face recognition came in 1966 by Bledsoe [6]. Since then, researchers have used several
approaches to address the problem of face recognition such as geometrical features [12], [26],
eigen faces [52], local features [35], neural networks [31], elastic bunch graph matching [55]
and wavelets [32].

Face recognition algorithms can be divided into two main categories: feature based algo-
rithms and image based algorithms. Features based algorithms extract a set of geometrical
features from the face image such as the size of eyes, nose, distance between eyes and nose,
and match them using correlation filters or Euclidean distance. Processing of these fidu-
cial points is performed independently and then combined to perform recognition. Some of
the feature based approaches are Geometrical Features [12], [26], Dynamic Link Architecture
28], Hidden Markov Model [43], and Convolution Neural Network [31]. These approaches are
generally invariant to illumination changes, but need proper normalization for scale factor.
Generally, these algorithms do not perform well for variations such as pose and expression
because in these variations, we do not get the original shape and size of the features. In the
case of expression variation, feature dimensions change with the change in expressions. On
the other hand, image based approaches take the complete face image as input and treat
the image data simultaneously without attempting to localize individual points. The face
is recognized as one entity without explicitly isolating different regions in the face. Image
based techniques utilize statistical analysis, neural networks and different transformations.
Most of the image based algorithms are based on the appearance of an individual. Some
of the image based approaches are Eigenface [2], Linear Discriminant Analysis [2], and In-
dependent Component Analysis [1]. There are other algorithms which combine the image
and the feature based approaches such as, component based algorithms [24], Local Feature

Analysis [35], Eigenfaces [52] and Eigenmodules [36].
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1.1 Challenges of Face Recognition

Face recognition is an unobtrusive biometric trait, whose characteristic features change
with time, and the rate of change in the facial appearance and features also vary. Com-
puter based automatic face recognition finds the three tasks of detection, normalization,
and recognition incredibly difficult. Even after 40 years of research, the problem of face
recognition is not completely solved. According to the FRVT 2000 [5] and FRVT 2002 [38]
evaluations, automatic face recognition performance decreases approximately linearly when
comparing elapsed time database and new images. The identification and the verification
rates are higher for older people compared to the younger people. For identification and
watch list tasks, performance decreases linearly in the logarithm of the database size or the
watch list size. Finally, it has been suggested that the outdoor face recognition needs lots of
improvement.

In the face recognition research community, several challenges for face recognition have
been enlisted such as pose, expression, illumination, background and aging. According to
our interpretation of the face recognition problem, we consider the following as the challenges

of face recognition:

e Training dataset - matching the face images when a limited number of training data

for each individual is available.

e Pose and Expressions - matching the face images with variations in pose and facial

expression.
e [llumination - matching the face images captured under different lighting conditions.
e Background - matching the face images when noise is present due to background.

e Accessories - matching face images with and without facial accessories such as glasses,

makeup and jewelries.

e Aging - matching the face images when there is a significant time difference between

the database image and query image.
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e Scanned images - matching the scanned face image with the digitally captured face

images.

e Sketches - matching the sketch images generated by the artists with the digital face

images.

e Disguise - matching the face images in the scenario when someone wants to disguise

his/her identity or impersonate someone’s identity using makeup tools and artifacts.

In literature, the challenges of pose, and illumination, are addressed by various researchers
[58]; but some of the above listed challenges such as minimum training data [57], scanned
face recognition [50], sketch face recognition [51] and disguise [40] still remain. There are
several applications in which face recognition is used for identification by law enforcement
agencies. In these application scenarios the above listed challenges become relevant. One
such application is recognizing an individual with a missing person database. Police may use
a photograph for a missing person and then try to match the given face with the faces stored
in their database. The challenge in this application scenario is that we have to deal with the
scanned photographs of varying resolution and the photograph of the missing person may
not be recent or it may contain only partial portion of the face with variations in background
and illumination. In such cases, we do not have the choice of using a large amount of data
to train the recognition algorithm, and hence the number of training data required is a
challenge. An example of such images is shown in Figure 1.1. In this figure, we observe
that the quality of the three scanned images is not as good as the digital face images.
Other than missing person database, there are some law enforcement applications which
require matching to be performed between digital and scanned face photograph of a person
obtained from the passport, driver license, or an identity card. Typically, matching in such
applications is performed manually because there may not be enough reference photographs
available. Photographs may not conform to standard sizes, there may be variations in image
resolution, an individual’s features change over time, and the quality of the scanned images is

mediocre. Matching of faces from the scanned photographs is a research challenge which has
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Digital Face Scanned Face
Image Image

Figure 1.1: Digital and scanned images

received very little attention in the literature [22], [23], [50] and further research is needed.

Another application of face recognition is the matching of face sketches with the pho-
tograph images. Sketch images are generated by an artist using the information provided
by eye-witness of a crime scene. Using sketch image, identification from the digitally stored
face database of criminals is a difficult task because both the images are in entirely different
domains [51]. Current systems perform the identification manually and there is a need for
additional research in this area.

Face recognition or other biometric systems are developed not only to identify the genuine
users but also to reliably identify impostors. Thus another challenge of face recognition is
recognizing individuals when there are chances of disguised identity. If a person wants to
hide his or her identity or impersonate someone else, the face recognition system should
identify these cases. Figure 1.2 shows a person with different appearances. Which existing
face recognition algorithm can recognize all these variations of an individual? While some
of the researchers have tried to find a solution to this challenge [11], [40], [46], existing

algorithms are limited to certain types of disguise.
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Figure 1.2: Images showing variations for disguise

1.2 Research Objective

This research focuses on the challenges of face recognition which are usually encountered

in law enforcement applications. The research objectives are:

1. Design an illumination and rotation invariant face recognition algorithm for identifying

faces with single training image.

2. Design a normalization and recognition algorithm such that the scanned and the digital

face images can be matched efficiently.

3. Design a face recognition algorithm which can identify the variations for disguise and
prepare a synthetic face database to evaluate the performance of the recognition algo-

rithm.

1.3 Contribution of the Thesis

In this research work, we have made an attempt to simulate the visual cortex of the
human mind by relating some of the results published by psychology researchers [13], [16],
[54], with computer vision knowledge. We have used 2D log-polar Gabor wavelet [18] for
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face recognition because the representation of the 2D log polar Gabor wavelet is similar to
the representation of visual cortex of the human mind [15].

We propose face recognition algorithm which uses 2D log-polar Gabor to extract the
textural features in the form of amplitude and phase features. The algorithm has been
applied to address the challenges of minimum training dataset, illumination, scanned images,

disguise and accessories for face recognition.

1. Minimum Training Dataset: The proposed face recognition algorithm is evaluated us-
ing only one image for training. The algorithm is validated on different face databases
including FERET [37], CMU-AMP Face Expression Database [60], CMU-PIE Data-
base [47], and Notre Dame Face Database [10], [19]. The proposed algorithm is also
compared with the standard face recognition algorithms such as Local Feature Analysis

35], Correlation Filters [44], E(PC)?A [57], and SVD perturbation [8].

2. Scanned Face Recognition: We applied the proposed face recognition algorithm to
match a scanned face image with a digital face image. We also proposed a preprocessing
and normalization algorithm to transform both the scanned and the digital face images
into a common domain using histogram equalization [21], Multiscale Retinex [39], and
Eigenspace decomposition [52]. Face recognition algorithm is then applied on the local
features of both the images and face templates are generated. These face templates
are matched using weighted matching scheme. A comparison is performed with face
recognition algorithm based on the Dissimilarity Measure [50], Texture Features [48],

Correlation Filter [44] and Fisher Linear Discriminant Analysis [2].

3. Disguise: Since there is no face database available in public domain which contains
variations in disguise, we have created a synthetic face database for disguise using the
software Faces v2.0 [59]. This database contains the variations in hair style, facial
accessories, glasses, aging, cap and hat, beards and mustaches, and combination of
these variations. The proposed face recognition algorithm is applied on these images

using single image for training. A comparison has also been performed with other
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existing algorithms such as Principal Component Analysis [52], Geometrical Features

[12], and Local Feature Analysis [35].

1.4 Organization of the Thesis

Subsequent chapters provide the details of challenges we have undertaken in this research
work with literature survey, proposed new algorithms and experimentally validated the re-
sults. Chapter 2 explains the significance of 2D log-polar Gabor wavelet and the visual
cortex of human mind. The proposed face recognition algorithm using amplitude and phase
feature extraction and matching is also presented. Chapter 3 explains the challenges with
scanned face recognition. The proposed face normalization and recognition algorithm for
scanned images and the results are described in this chapter. Chapter 4 shows the challenge
of disguise in face recognition and presents the synthetic disguise face database along with

the experimental results using the proposed face recognition algorithm.



10

Chapter 2

Face Recognition using Log-polar

Gabor Wavelet

An image (from Latin word imago) is an artifact that reproduces the likeness of some
object. Several studies have been undertaken in the computer vision community related to
feature detection, classification based on properties such as geometrical features, and textural
features. The problem of face recognition comes under the realm of computer vision. As
described in Chapter 1, a number of challenges exist even after 40 years of research in
the field. Researchers have proposed several approaches to address the challenges of face
recognition. One way to approach the problem of face recognition is to identify how visual

cortex of the human mind works and simulate similar processing using a computer.

2.1 Overview of Gabor Wavelet

Researchers from psychology and physics have simulated and analyzed the human visual
cortex by conducting certain experiments. It has been reported that the properties of a
human visual cortex can be represented by the Gabor wavelet [13], [16], [54]. In 1946,
D. Gabor [20] established the uncertainty principle where the product of uncertainties in
frequency A f and time At must exceed a fixed constant. If the signal is transmitted through

a bank of bandpass filters, the closest frequencies which can be distinguished are given by
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Af = 1/At. In Fourier space, the product of time and bandwidth gives the maximum
amount of information that can be transmitted. Gabor showed that the minimum area in
Fourier space is achieved by the Gaussian modulated complex exponential functions of the

form

Ou(t) = exp [—7(t — jAL)*/o?] exp 2mikAf(t — jAL)] (2.1)

where AfAt = 1. In this equation, the first exponential term represents a Gaussian
envelop centered on jAt and the second term represents the conjugate exponential form of
the trigonometric functions of frequency kA f which is a periodic function, and denotes the

locality of the Gaussian envelop. Equation 2.1 can also be represented as,

ou(t) = exp [—7(t — jAL)*/o?] [cos[2mik A f(t — jAL)] + isin [2mikAf(t — jAL)]  (2.2)

Figure 2.1: Even and odd components of the 2D Gabor filter

As a — 0o, Gabor wavelet reduces to Fourier transform and no locality is shown at this
point. Experiments performed by the researchers show that the receptive fields of simple
cells in a visual cortex are similar to the Gaussian modulated sinusoids and 97% of them

are statistically indistinguishable from the odd-symmetric or even symmetric parts of a 2D
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Gabor elementary function [15]. This quadrature phase relationship can be computed from
the odd and the even symmetric parts of the 2D Gabor wavelet [15], as can be seen in
Equation 2.2. Figure 2.1 shows the odd and the even symmetric parts of the 2D Gabor
wavelet. Gabor wavelet is a non-orthogonal wavelet and according to Daugman [16], non-
orthogonal representations are ubiquitous in biological sensory and motor systems.
Another property of neurophysiological and psychological system is that they show a
log-polar distribution of response selectivity in cells in the visual cortex, which shows the
orientation half-bandwidth of +15° and the frequency bandwidth of 1.5 octaves [17]. To
account, for this property, we have used log-polar Gabor wavelet for representing the face
image in which radial distance represents the spatial frequency and the polar angle represents
the orientation. Log polar Gabor wavelet is a form of Gabor wavelet [4], [18] which is based
on polar coordinates and the dependency of directional independent variance (o) on the
polar coordinate is realized by a logarithmic scale. Thus the functional form of 2D log polar

Gabor filter can be represented as

Gro0,(r,0) = exp (—2#202) [(ln(r) — In(r9))? + (In(r)sin(f — 90))} (2.3)

and the position of filter in the Fourier domain is defined by

roo = V2,10 = 2 % g, Oy = i % — (2.4)

where (g is the smallest possible frequency, Ny is the number of filters on the unit circle,
and at index L, o7, and sy, are further defined by
1 [n2

oL = In(ro)msin(n/Ng) V 2 (2:5)
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_In(ro)msin(mw/Ng) [In2
L= In2 \/; (2:6)

Log-Gabor wavelet has no DC component and has an extended tail. According to Field

[18], log-Gabor functions with extended tail are able to encode the images more efficiently
compared to Gabor wavelet, because Gabor wavelet would over represent the low frequency
components and under represent the high frequency components. Log-polar Gabor wavelet

also provides invariance to rotation and scaling.

2.2 Face Recognition Using Amplitude and Phase Fea-

tures

In this section, we propose a face recognition algorithm which is based on amplitude and
phase information extracted from a face image. The algorithm is described as follows:

Let the size of face image F'(x,y) be N x N. Face image is transformed into its log-polar

form F(r,0)
oo fu (L] pnl)]) e

where r = 0,...,s — 1, 0 = 0,...,[N/2] — 1, and s is the factor by which the image is
sampled from 0° to 360° to produce its equivalent polar form. Polar face image is expressed
into the 2D Fourier domain,

2mr 27] ]

Flp.0) = S8F (s 8)eap |2 + 2 23)

where §; = 27mj/v, 0 < r < v and 0 < j < v are the radial and angular frequency

resolutions respectively. 2D Fourier transform of the face image is convolved with the 2D
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Fourier transform of the log polar Gabor wavelet G(p, ¢). The Inverse Fourier Transform
(IFT) of the convolved face image is computed and the output Fy(r,#) is a complex valued
matrix containing the amplitude and the phase information. Amplitude and phase features
are computed from the matrix F,(r,6) using Equation 2.10 and 2.11 respectively. Phase
features are quantized using Equation 2.12 to generate a binary representation of phase
features, referred as phase template. The amplitude and quantized phase features are shown

in Figure 2.2,

F(r,0) = IFFT(S,%,F(p, 9) * G(p, ) (2.9
A(r,0) = \/ReF,(r,0) + ImF,(r, ) (2.10)
[ ImFy(r,0)
(1,1 if 0° < P(r,0) < 90°
Bfr.f] = 0,1 if 90° < P(r,0) < 180 2.12)
0,00 if 180° < P(r,0) < 270°
[1,0] if 2700 < P(r,0) < 360°

Figure 2.2: (a) Face image (b) Amplitude features, (c) Phase features [61]

Amplitude features are matched using the steps described below:

e Two amplitude features, A' and A? are divided into z number of frames, each of size

k x 1.
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e Correlation V] between the two corresponding frames is computed using Equation 2.13.
A circular shift of 8 pixels in all directions is applied to make the process shift invariant.
Using the frame matching threshold A;, which is the intermediate matching score for
the frames, M# is calculated. Final amplitude matching score M# is obtained by

dividing the intermediate matching score by the number of frames.

Al A2

M* =

S

(2.14)

MA+1, if Vi>\
M2, if Vi<

To match the two phase templates,
e Phase templates are divided into m frames each of size p x q.

e Corresponding frames from the two phase templates are matched using hamming dis-
tance as shown in Equation 2.15. A circular shift of 8 pixels in all directions is applied

and the minimum hamming distance is computed to make the process shift invariant.

_ YB!@ B?
P*q

D; (2.15)

where B} and B? are the i frames for the two templates, and D; is the corresponding

distance measure.

e Phase matching score MY is calculated using Equation 2.16,

MP =

S

MFP+1, if D;>
{S / = (2.16)

Mfa Zf D’L <771
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M
MP == (2.17)

where 7, is the frame matching threshold, M7 is the intermediate matching score for

frames and m is the number of frames.

e A match occurs if the matching score M¥ < mn,, where 7, is the phase matching

threshold for the face template.

Here we transform the problem of recognizing a face into an efficient test of statisti-
cal dependence operating on amplitude variation and statistical independence operating on
phase variation. Phase and amplitude are the two textural features that provide invariance
to several image transformations. Figure 2.3 shows the relationship between phase P and
amplitude A of an image F(x,y). Venkatesh and Owens [53] show that the degree of phase is
independent of overall magnitude of the face image which provides invariance to the changes
in illumination and contrast. Another advantage of the proposed face recognition algorithm
is that amplitude and phase features are invariant to frequency, scale, and orientation of the
filter. Thus the proposed face recognition algorithm is invariant to frequency, scale, filter

orientation, illumination and contrast.

2.3 Performance for Single Training Face Images

Face recognition algorithms such as Local Feature Analysis [35] (LFA) and Correlation
Filters [44] (CF) need a large set of training images. These algorithms learn from the train-
ing data and use the feature set for matching. However if the training set is small then
performance of these algorithms decrease. Typically, for law enforcement applications only a
single face image is available for training. In [8] and [57], face recognition algorithms are pro-
posed to solve the problem of single training images using F(PC)?A and SVD Perturbation

respectively. These algorithms achieve an accuracy of around 85% on the FERET database
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Imaginary

Figure 2.3: Relationship between amplitude (A) and phase (P) of an image

[37]. In this section we present the results of face recognition obtained using amplitude and
phase features extracted from Gabor wavelets. Results are presented for single training im-
age in the database, and also with varying the number of training images in the database.
A comparison of the proposed approach with other existing algorithms is also presented.

The proposed algorithm is tested on frontal face images from the colored FERET data-
base [37]. From this database we have chosen 3000 frontal face images from 600 individuals
with variations in pose from 0 to 10 degrees. Using this database, the number of training
images for each individual is varied from one to four. Figure 2.4 shows the receiver operating
characteristics (ROC) plot of the amplitude and the phase features. We found that phase
features perform better than amplitude features with an approximate difference of around
5% in the equal error rates (EER) of the two.

The proposed algorithm is compared with LFA [35] and CF [44] whose performance
is known to be good when large training set is used. Figure 2.5 shows that when the
number of training image is four, identification accuracy of all the algorithms is comparable.
However, as the number of training images is gradually reduced, the accuracy of LFA and

CF based algorithms drops significantly compared to the proposed algorithm. For example,
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experimental results show that with a single training image, accuracy of the LFA algorithm
is reduced to 64.21% resulting in a drop of 27.95%, while accuracy of the CF algorithm
is reduced to 71.66%, resulting in a drop of 22.21%. Comparatively, the 2D log Gabor

algorithm maintains a higher level of accuracy at 89.14%, resulting in a drop of only 5.05%.
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Figure 2.4: Accuracy of the proposed algorithm using the amplitude features and phase
features on FERET face database [37]

We next compare our results with two recent face recognition algorithms, E(PC)*A
[57] and SVD Perturbation [8], that use single training images. The same set of images
from FERET database [37] are used for comparison. Experimental results show that the
proposed algorithm has a FRR of 9.17%, FAR of 1.69%, and an overall accuracy of 89.14%.
An improvement of 5% in accuracy is achieved compared to the E(PC)?A algorithm [57]
which has an accuracy of 84.55%. The 2D log Gabor algorithm also shows an improvement
of 3% compared to the SVD Perturbation algorithm [8] which has an accuracy of 86.24%.

We also validated the performance of the proposed face recognition algorithm on the

CMU AMP Face Expression Database [60] which contains variation in expressions. Figure
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Figure 2.5: Accuracy of algorithms on varying the number of training images

2.6 shows performance of the amplitude and the phase features with single training image
in the database. This experiment further reinforced that the phase features give better
performance compared to the amplitude features. The experiment shows the proposed face
recognition algorithm is robust to different facial expressions.

For further validation, additional experiments have been performed using the CMU PIE
Database [47] which contains variations in pose, expression, and illumination. We selected
frontal images from this database having variations in illumination, pose and expression.
ROC plot is shown in Figure 2.7. Performance of the face recognition algorithm was also
tested on visible images from the Notre Dame Database [10], [19]. This database contains
variations in expressions with significant time difference between images. The ROC plot is
shown in Figure 2.8.

Experiments on these databases demonstrate that the phase features perform better than
the amplitude features. These results are obtained using only one image per person to train

the face recognition algorithm. The availability of only one image for training is typical in
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Figure 2.6: ROC plot for CMU AMP facial expression database
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Figure 2.7: ROC plot for CMU PIE database
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Figure 2.8: ROC plot for Notre Dame database

a law enforcement application. The level of performance shows that the proposed algorithm
is robust to some of the challenges such as illumination, minimum training data and to a

certain extent, variations in pose and expression.
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Chapter 3

Face Recognition using Scanned

Images

3.1 Introduction

Law enforcement applications usually require matching to be performed between digital
face photograph in a given database and scanned photo of a missing person, from passport,
driver license, or an identity card. Typically, the matching is performed manually since
automatic matching is very challenging. This is because there may be only one reference
photograph available, photographs may not conform to standard sizes, there are variations
in image resolution, an individual’s features change over time, and the quality of scanned
images is mediocre. In [50], an algorithm using preprocessing techniques and dissimilarity

measure is used to match document face image with a digital face image.

Figure 3.1: Scanned and digital face images of an individual
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Figure 3.1 shows an example of the scanned and the digital images of an individual, over a
period of time. The first two are scanned images and the last two are digital images and all of
them are captured in different environment and lighting conditions. The first scanned image
contains shadow effect, while the second scanned image has uniform lighting conditions.
The two digital images are captured under normal lighting conditions. Difference among the
images can be seen visually. For an automatic face recognition system, it is very challenging
to match these two sets of images. Also scanning of the images cause irregularities, which
sometimes distort the facial features. This is a very simple example of variations found
in images captured in unrestricted environment, similar to those encountered in the law
enforcement applications.

An efficient face recognition algorithm should be able to handle all these types of varia-
tions. There are several regions in a face such as cheeks and forehead that do not contribute
much to the interclass variability and intra-class similarity of two face images. For example,
shape of the mouth changes significantly when a person smiles while the eye and the nose
hardly undergo any change. The proposed face normalization and recognition algorithm
takes advantage of these static and dynamic properties to match a scanned face with a
digital face.

Based on all these observations, we first transform the digital and the scanned images
into a common domain using Multiscale Retinex and Histogram equalization. For matching,
we use the phase information of the local textural facial features and combine them with a

weighting scheme for different features to make the algorithm robust.

3.2 Matching Scanned Face Image to Digital Face Im-

age

3.2.1 Preprocessing and Image Enhancement

In preprocessing step, we first normalize the digital and the scanned face images captured

under different conditions. Face is detected from both the images using a triangle based face
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detection algorithm [49] in which first the eyes and nose coordinates are marked and then
using the three coordinates the face is detected. Further, the detected face is aligned with
respect to the three coordinates to handle the scaling and rotation in the image. We used
affine transformation [21] to align the face images which is a combination of image rotation
and translation.

Histogram equalization [21] is performed on detected and aligned face images to enhance
the intensity. Further, Multi-scale Retinex (MSR) algorithm [39] is used for quality enhance-
ment and removal of deterioration due to scanning. Multi-scale Retinex is a modified form
of the Single-scale Retinex (SSR) [30]. Retinex is an image enhancement algorithm that
provides dynamic range compression and color constancy as described below.

Let Fj(z,y) be the histogram equalized face image distribution in the i** spectral band.
The SSR output Fg(zx,y) is written as,

Fr(z,y) = logF;(z,y) — log [S(x,y) ® Fi(z,y)] (3.1)

where ® denotes the convolution operation, S(x,y) is the surround function and S(z,y) =
Ke /¢, Here r = \/m , ¢ is the Gaussian surround space constant. Depending on the
value of ¢, retinex either performs dynamic range compression at the cost of poorer color
rendition or good color rendition at the cost of dynamic range compression. Small value of ¢
provides good dynamic range compression and large value of ¢ provides good color rendition.
We empirically determined that for smaller values of ¢, the recognition performance is better.
The recognition performance with different values of ¢ is shown in Figure 3.6. K is selected

such that

[ [ s dady =1 (3.2

MSR is a weighted sum of the outputs of several different SSR outputs. It can be
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expressed as

N
Fuse, = Y wnFan, (3.3)

n=1

where N is the number of scales, Fg,, is the it" component of the n'* scale and w, is the
weight of the n'" scale. Here the surround function is also modified to incorporate the scale

factor. Modified surround function can be written as

Sp(z,y) = Ke™""/% (3.4)

Output of histogram equalization and MSR of both the scanned and the digital face
images for different values of ¢ are shown in Figure 3.2. After normalization, we transform the
normalized digital face image into scanned image domain using the transformation algorithm

described in Section 3.2.2.

i\
Original Scanned

Figure 3.2: Scanned and digital face images obtained after applying multiscale retinex
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3.2.2 Digital Image to Scanned Image Transformation

Even after preprocessing, sometimes the difference between digital and scanned image
of the same person is greater than the difference in digital image of two different persons.
To overcome this difference, a transformation algorithm is proposed to transform the digital
face image into a scanned face like image. An Eigen space is created using scanned face
image, and digital face image is projected into this space for transformation. The algorithm

is described as follows:

o Let Tp = [?}3,?%, ey ?%] denote the enhanced digital training images and Tp =

[TL, T2, ..., ?%] denote the enhanced scanned photo images.

e Average digital face image @ p and average photo face image d p are computed for

the digital and the photo training set respectively.
e Eigenvector matrix Ep is then computed from the digital training set.

e Let the input digital face image be ? p- Average digital face d p is subtracted from

Fp(Fo=Fp—an)

) F p is then projected in the eigen-space of ﬁ p to compute the weight vector Wh.

e Digital face image is reconstructed using the following equation,

FE = ToVpD T (3.5)

where V) is the eigenvector matrix of digital face image training set, Dp is the diagonal

eigen value matrix.

e Average photo face @ p is added with the reconstructed digital face image to obtain

the transformed face image ?%,

T_FR, g, (3.6)
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As shown in Figure 3.3, quality of the reconstructed transformed digital face image is

close to the scanned face image.

A WY

Scanned Image Transformed Image

Figure 3.3: Digital image transformed to scanned image domain

3.2.3 Face Recognition using Local Textural Features

Since there are several regions in the scanned and the digital images that do not have
similar texture, we apply the proposed phase feature extraction based face recognition algo-
rithm only at the local features. Texture feature extraction algorithm extracts local features
from the face image which add to uniqueness of the face. Local edge and corner detection
algorithm [45] is first applied on the preprocessed face image to detect corner points in the
face. Neighboring corner points are then grouped in a circular form to represent the lo-
cal regions. Figure 3.4 shows local features extracted in the preprocessed scanned and the
transformed digital images. Local edges and corners are detected using the corner detection

algorithm [45]. Corners lying in close vicinity are grouped to represent a local region, for
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example, the corners near the left eye are grouped to represent the left eye.

Scanned Transformed Digital

Figure 3.4: Local features extracted from scanned and transformed digital face images

This gives a set of prominent regions for the face. The number of regions can vary
at different instances for individuals with change in pose, facial expression, occlusion and
illumination. Following steps are performed to extract textural features from these local

regions:

e Let fi, fo,..., fn be the local facial regions. Each region is converted into the dimen-
sionless polar coordinate system so that they become invariant to imaging distance

and rotation.

o Let f1, fi, ..., ! be the features in polar coordinate system. These features are con-
volved with the 2D log polar Gabor wavelet in frequency domain. If 2D log polar

Gabor filter is G' and facial feature is f/, then convolution can be represented as,

f". = IFFT(FFT(f) x FFT(G)) (3.7)

where FFT stands for Fast Fourier Transform and IFFT stands for Inverse Fast Fourier

Transform. The output f”, contains both amplitude and phase information.

e Using Equation 2.12, phase quantization is applied to encode phase information in the
form a binary template of size p x q. Combining all the n features for one face gives a

feature B! set which can be represented as Bi, Ba, ..., Bl.
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One way to match the two sets of encoded patterns is to label the features and match
them accordingly. But this method requires large training data and increases the

computation time. So we propose an efficient matching strategy described below.

e Let B! and B? be the textural feature sets to be matched. Create a distance matrix

Dy, of size (m,n) using the following equation,

> Bi®B} > Bi®By
pXq T pXq

> B,,®Bj} > B;,®B;
pXq e pXq

where m and n are the number of facial features in the image 1 and 2 respectively, and

p X q is the dimension of each encoded binary template.

e Minimum score for each column is preserved and remaining values are discarded. These
minimum scores dy, ds, ..., d, are preserved based on the assumption that the corre-
sponding features give the minimum match score, i.e., the score obtained by matching

two nose will be less compared to the score of matching a nose with a mouth.

e These matching scores are combined using a weighted sum rule

N
S = M (3.9)

where w; is the weighting factor. The values of weighting factors depend on their
corresponding matching scores and are computed from a lookup table (Table 3.1)
where w; < wy < w3 < wy < wy < wg < wy. In this manner, more emphasis is given

to the features which are matched with higher confidence or are mismatched with
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Table 3.1: Lookup table used for assigning the weights

Range of Scores [ 0.0-0.1[01-02]02-03[03-04|04-05]05-0610.6-1.0

Weighting Factor w1 w2 ws Wy ws We wy

higher confidence compared to the ones with matching score near the threshold. This
matching strategy thus reduces the intra-class variation and increases the inter-class
distances. The values of w; are empirical and the values of various weights we have used
in our experiments are w; = 0.012, wy = 0.074, w3 = 0.259, wy, = 0.281, ws = 0.576,
wg = 0.613, and w; = 0.999.

e A person is matched if the matching score is less than the matching threshold.

3.2.4 Experimental Results

Since there is no face database available in public domain which contains both the scanned
and the digital images, we created a frontal face database of 500 individuals containing the
scanned and the digital images. Digital images are captured in four different sessions with
a time interval of three months in each session. Images have variations in facial expression,
lighting, occlusion and camera properties. In addition, we have extended the database
to include the scanned and the digital face images of various resolutions to validate the
performance of the proposed algorithm. In the experiments, one scanned face image per
person is used for training and the remaining scanned and digital face images are used for
testing. Results in Chapter 2 show that the phase features perform better than the amplitude
features. In this experiment we therefore use only the phase features for matching.

ROC plot in Figure 3.5 shows performance of the proposed algorithm at different reso-
lution of face images with and without preprocessing, and digital image to scanned image
transformation. We found that the performance increases with increase in resolution. The

identification accuracy of 98.11% was achieved with a resolution of 160 x 120. Any further
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increase in resolution only marginally improved the identification accuracy. This graph also
shows that the proposed preprocessing and transformation algorithm enhances the perfor-
mance of face recognition algorithm by at least 8% compared to without preprocessing and

transformation.
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Figure 3.5: Accuracy of the face recognition algorithm at different resolutions

One major factor which affects the performance of Multiscale Retinex algorithm is the
value of Gaussian surround constant c. We analyzed the performance of face recognition by
varying this constant with the objective to find the optimal value, or range of values for c
that would achieve the best illumination invariance. Figure 3.6 shows that when the value
of ¢ = 4, identification accuracy of around 98% is achieved. It is evident that retinex based
normalization significantly improves the recognition rates. Lower values of ¢ are better for
illumination correction and as ¢ increases, recognition rate decreases. Only exception occurs
with the value of ¢ = 1, where the recognition rates are much lower. This is explained by
the fact that the images are overly grayed out with very small ¢, thereby hindering the face
recognition algorithm from classifying the images correctly.

Performance of the proposed algorithm is compared with four existing face recognition
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Figure 3.6: Performance of face recognition on varying the Gaussian surround constant c

algorithms namely Dissimilarity Measure (DM) [50], Texture Features (TF) i.e. the phase
based face recognition algorithm described in Chapter 2, Correlation Filter (CF) [44] and
Fisher Linear Discriminant Analysis (FLDA) [9]. The comparison is made using a single
scanned face image for training. The ROC plot in Figure 3.7 shows that performance of the
proposed algorithm is superior compared to the other four algorithms.

In this chapter, we have addressed with the challenge of scanned face recognition. The
scanned and the digital images are preprocessed to transform them into a common domain.
First, histogram equalization and Multiscale Retinex are applied on both the digital and
the scanned images for illumination normalization. For further compensating the quality of
the scanned image, eigen space based transformation is applied on the digital image. This
transformation projects the preprocessed digital image into the eigenspace formed by the
preprocessed scanned face images. The resulting digital image is thus of similar quality as
the scanned image. For feature extraction and matching, the face recognition algorithm
described in Chapter 2 is modified to apply at the local level. Local textural features are

extracted from the local regions of both the scanned and the digital face images. These
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Figure 3.7: Performance comparison using ROC curves

features are encoded using 2D log polar Gabor wavelet and matched using the weighted

matching strategy described in Section 3.2.3. Results show an accuracy of around 98% on a

database containing both the digital and the scanned images from 500 classes.
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Chapter 4

Recognition of Faces with Variations

in Disguise

4.1 Introduction

Despite the success of automatic face recognition techniques in many practical appli-
cations, face recognition has difficulties in detecting identical twins and disguised faces,
which can be critical in high-end security applications. Most of the research papers on face
recognition claim excellent performance for user cooperative face recognition. But very few
papers [11], [40], [46] discuss the possibility where someone wants to hide their identity or
impersonate someone else using disguises.

Chellappa et al. [40] have studied the facial similarity for several variations including
disguise by forming two eigenspaces from two halves of the face, one using the left half and
other using the right half. From the test image, optimally illuminated half face is chosen and
is projected into the eigenspace. This algorithm is tested on National Geographic database
[40] which consists of variations in smile, glasses, glasses with varying left right light and an
accuracy of around 39% for best two matches is reported. Another approach using eigeneyes
is presented in [46] to handle several challenges of face recognition including disguise. Using
the AR database [34] the algorithm shows an accuracy of around 87.5%; but the AR database

[34] does not contain many examples of disguise except for variations in glasses and scarves.
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The advantage of the algorithm is that alterations in the facial features excluding eye region
does not affect the accuracy.

This chapter deals with the recognition of faces with variations in disguise. A synthetic
database of various disguises is prepared to test the performance of the phase based face
recognition algorithm described in Chapter 2. Experimental results show that on a disguise
face database the proposed algorithm gives a higher accuracy compared to some well known

face recognition algorithms when tested on the same database [12], [35], and [52].

4.2 Database for Disguise

There are various ways to alter the facial features or appearance to disguise oneself
without considering the other behavioral characteristics of the human body. The changes
in the original feature which causes one person to impersonate another individual can be

classified into following three categories:

e Appearance
e Feature

e Multiple Variations

The appearance and features of a human face can be changed by changing the hair
style (Figure 4.1), glasses (Figure 4.2), wearing a cap/hat (Figure 4.3), beard and mustache
(Figure 4.4), altering lips, eyebrows, eyelashes, nose using make-up (Figure 4.5), and texture
of the skin by make-up to show aging effects or wrinkles (Figure 4.6). A combination of
any of these can also be applied for disguise (Figure 4.7) which is represented as Multiple
Variations. The degree of variation of these changes also affects the performance of face
recognition. To the best of our knowledge, there is no face database in public domain which
consists of these variations and can be used for face recognition. So, we prepared a synthetic
face database to capture the variations for disguise using the software Faces v2.0. This

database consists of 40 frontal face images of 100 individuals.



Chapter 4

Recognition of Faces with Variations in Disguise

Figure 4.4: Variations in beard and mustache

36
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Figure 4.5: Variations in lips/eyebrow /nose

Figure 4.6: Variations in aging and wrinkles

Figure 4.7: Multiple variations
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Figure 4.8 shows examples of disguise generated using the software Faces to alter the
appearance of a person. The changes in hair can bring a lot of change in the appearance.
The hair color can be changed to appear old or young, the hair style can be changed,
hairs can be shaved and even wigs can be used to change the appearance frequently. The
degree of variation up to which the hairs are changed matters significantly. For example,
in the first two images of Figure 4.8, when the degree of variation is low, most of the
recognition algorithms can easily and accurately identify the person. However, if the hair
style is changed dramatically such that a significant part of the face is occluded, then it
might lead to performance degradation. Beards and mustaches can also be used for disguise.
These are the features which significantly change the facial appearance, and the performance

of most of the algorithms drops even with medium degree of variation.
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Figure 4.8: Face image of same person with 40 variations

However, most of the recognition algorithms can easily handle low variation in beards
and mustaches. Another feature which causes substantial change in appearance is the use
of glasses. Use of transparent glass is considered as low variation; but colored or sunglasses
is considered to be a high variation because the eyes and its neighboring facial features are

hidden. This affects the performance of recognition algorithms. Similarly, the use of a hat
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or a cap is considered to be a low variation disguise if it does not cover the facial features,
but cowboy style hat can be considered to be a medium level of variation in disguise. The
changes in lips, eyebrows and eyelashes with the help of make-up do not affect the accuracy of
most of the recognition algorithms. However, changes in nose shape by using some artifacts
or surgical alterations can cause the performance of feature based recognition algorithms
to decrease. Finally, changes in the skin texture to show aging effects or wrinkles also
contribute in defying the appearance based face recognition algorithms. A combination of
different disguise features as shown in the last few images of Figure 4.8 further exacerbate

the problem of recognition.

4.3 Experimental Results

Experiments are carried out on a face database which is created using commercial software
Faces v2.0 [59] to generate the effect of face disguise. For the above mentioned disguise
scenario, no database is available in public domain. We used Faces v2.0, which is widely used
in face image generation in forensic applications, to generate face images of 100 individuals
having 40 frontal face images for each class. Among these 40 images, 4 images have minor
variations, 22 images have variations in only one feature and rest of the 14 images contain
variations in two or more features. Figure 4.8 shows an example of these 40 variations within
one class. The phase-based face recognition algorithm described in Chapter 2 is used for
feature extraction and matching. The results in Chapter 2 show that the phase features
outperform the amplitude features. We have therefore used only the phase features for
matching disguised images.

We selected one normal face image from each class as the database image and rest of the
images were used as query image. Of the query images, two to three images contain minor
variations and are treated as ‘No Variation’ sample. Rest of the query images are disguise
samples. We performed recognition assuming that a person is already enrolled in the system
and wants to deceive the system. We calculate the recognition accuracy which measures the

number of times the algorithm is able to correctly identify the disguise. More specifically,
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Table 4.1: Identification accuracy of the algorithms for different variations

Variation Identification Accuracy
Proposed | PCA [52] | GF [12] | LFA [35]
No Variation 98.2 % 89.3% | 95.8% | 97.1 %
Hair Style 94.9 % 85.7 % 94.1 % | 94.8 %
Bear + Mustache 84.6 % 59.1% | 86.2 % | 81.3 %
Glasses 85.2 % 709 % | 55.1 % | 844 %
Cap/Hat 94.7 % 82.6 % 90.9 % | 91.7 %
Lips/Eyebrows/Nose | 97.1 % 87.4% | 786 % | 96.3 %
Aging/Wrinkles 95.4 % 775 % | 81.8% | 929 %
Multiple Variations | 71.2 % 19.7% | 491 % | 61.3 %

system is able to find the correct match if the person is in the database. If a person tries
to impersonate another individual, then the system indicates a reject. Table 4.1 shows the
identification accuracy of the algorithm for different variations.

We also evaluated the performance of three popular algorithms using the disguise data-
base. The algorithms used for comparison are Eigen face [52], Geometrical Feature (GF),
based [12] and Local Feature Analysis (LFA) [35]. Recognition accuracies are calculated in
the same scenario as described earlier to compare the performance of the four algorithms.
Results of comparison are shown in Table 4.1.

Eigen face algorithm [52] is an appearance based face recognition algorithm. In our
experiments we found that this approach is not capable of handling variations that affect
the appearance of a person such as medium variation in beard and mustache. With multiple
combinations of disguise, the accuracy decreases drastically due to increase in both the false
acceptance and the false rejection. Geometrical feature based recognition algorithm [12] uses
mixture distances of the facial features for matching. This algorithm works on the distance
between geometrical features and correspondences between them and hence works only in

cases when this information is preserved. Thus it works well for changes that do not hide
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or alter the facial features. It does not give correct results for high variation in beards
or mustaches, wearing dark eye glasses, and multiple variations in disguise. Local feature
analysis [35] uses local features to represent the face and match them. In case of disguise,
local feature analysis withstands low variation in features but major changes in face lead
to false results. This algorithm can handle minor variations in hair style, light colored eye
glasses, medium degree of variation in eyebrow, eyelashes and lips and certain occlusions
which do not hide or change prominent features of the face. It does not give good results for
textural variations such as aging, high variations in beards or mustaches, hair style which
covers facial features, dark eye glasses, and occlusions which cover the local features of the
face.

Experimental results for different algorithms vary depending on the features altered.
Phase feature based face recognition algorithm is able to handle low to medium variation
in phase information such as change in hair style, beard, mustache, transparent glasses,
cap/hat, lips, nose, eyebrows and aging effects. We also found that accuracy decreases due
to medium to high variations in the face texture. In case of high variations such as disguise
with turban, beard, and mustache, the algorithm is unable to find corresponding match in
the database. This drops the accuracy due to false rejection, but at the same time none of
the faces are found to be falsely matched with any other face. Thus for multiple variations
in disguise, accuracy of the proposed algorithm outperforms other algorithms and is found
to be 71.2%. Figure 4.9 shows the performance of four face recognition algorithms on the
synthetic face database. The images used for this experiment contain only minor variations.
We performed this experiment to analyze the performance of the individual algorithms on
the synthetic database with minimum variations. For every algorithm, this also provides the
relative difference in performance on the images with no variations and images with minor
variations.

Figure 4.10 to Figure 4.23 show the feature templates obtained by applying the face
recognition algorithm and the ROC plots for each variation. These ROC plots also show

the comparison among PCA, Geometrical Features, Local Feature Analysis and the pro-
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Figure 4.9: ROC for minor variations in the images

posed phase based face recognition algorithm. For variation in hair style, glasses, cap/hat,
lips/eyebrow /nose, aging/wrinkles and multiple variations, the proposed texture based face
recognition algorithm gives the best performance followed by LFA, and then the geometrical
features and PCA. These variations change the appearance of a person and hence affect
the performance of the appearance based face recognition algorithms such as PCA. With
beard and mustache, geometrical feature based algorithm performs the best followed by the

proposed phase based face recognition algorithm.

Figure 4.10: Template for variation in hair style

In this chapter, we have addressed the challenge of face disguise. The proposed phase

based face recognition algorithm described in Chapter 2 is applied on a synthetic face data-



Chapter 4

Recognition of Faces with Variations in Disguise

40
— Phase
3B- e PCA )
- GF
30F = <. - - —-LFA ]
[0 S
= 251 ~. _ 1
o ‘v\
S '~
'~§ 20t \\\ b
L ~
o N
(0] ~. 1
0 ~.
© S
w Sl
\,\‘ |
\,
N
-~ i
\\ '\’
0 L L L \\_A "", L L L =
0 5 10 15 20 25 30 35 40

False Accept Rate(%)

Figure 4.11: ROC for variations in hair Style

Figure 4.12: Template for variation in beard and mustache
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Figure 4.13: ROC for variations in beard and mustache

Figure 4.14: Template for variations in glasses
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Figure 4.15: ROC for variations in glasses

Figure 4.16: Template for variations in cap/hat
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Figure 4.17: ROC for variations in cap/hat

Figure 4.18: Template for variations in lips/eyebrow /nose
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Figure 4.19: ROC for variations in lips/eyebrow/nose

Figure 4.20: Template for variations in aging/wrinkles
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Figure 4.22: Templates for multiple variations
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Figure 4.23: ROC for multiple variations

base created for testing the algorithms for disguise. The commercial software Faces v2.0 is
used to generate the synthetic faces with several possible variations. The database contains
images with variations in appearance, features and multiple variations. Three existing face
recognition algorithms namely Eigenface [52], Geometrical Features [12], and Local Feature
Analysis [35] are compared with the proposed phase based face recognition algorithm. Ex-
perimental results show that the proposed face recognition algorithm performs better than

the existing face recognition algorithm in most of the cases.
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Chapter 5

Conclusion and Future Work

The problem of recognizing faces under variations still remain largely unsolved. Vari-
ation due to illumination, pose, background, environmental constraints, aging, and other
factors cause degradation in the performance of face recognition algorithms. Besides these
challenges, several other application oriented challenges also lead to degradation in the per-
formance of face recognition systems. One such example is matching scanned image of a
missing person with digital image. Another major problem with face recognition algorithms
is with intruders who deliberately want to fool the system either by impersonating someone
else or disguising their own identity.

In this research work, we have undertaken the problem of face recognition with the ap-
proach of simulating human visual cortex. Psychological and neurophysiological researchers
have shown that the response of 2D Gabor wavelet is similar to the response of visual cortex
of the human mind. Log polar form of the 2D log Gabor makes it invariant to rotation and
scaling. Based on these research findings, we use 2D log polar Gabor wavelet to extract facial
features in the form of amplitude and phase. Using the proposed face recognition algorithm,
we transform the problem of face recognition into an efficient test of statistical dependence
operating on amplitude variation and statistical independence operating on phase variation.
These two features provide invariance to illumination, contrast, brightness and up to certain

extent facial accessories as well. Through experimental validation we establish that phase



Chapter 5 Conclusion and Future Work 51

features give better performance compared to amplitude features.

To match a scanned face image with a digital face image, first the multiscale retinex based
normalization and the eigen space projection based transformation algorithms are proposed.
We then presented a modification on the proposed face recognition algorithm to focus only
on the prominent local regions of a face image. The modified face recognition algorithm is
evaluated on a face database of 500 individuals which contains both the scanned and digital
face images. An identification accuracy of around 98% is achieved. The proposed algorithm
also outperforms the existing algorithms by atleast 5%.

The proposed phase based face recognition algorithm is also validated using a synthetic
face database prepared for simulating the disguise scenario. In this simulation, we considered
the variations due to change in appearance and features and showed the performance of
recognition algorithms. In this experiment we found that the proposed phase-based face

recognition algorithm gives the best results in comparison to other existing algorithms.

5.1 Future Work

There are several ways by which the performance of face recognition can be further
improved. Face is a 3D object and the image is its 2D representation. If 3D information of
the face can be obtained from 2D face image, then the performance can be improved. One
way could be to use mosaicing techniques in which multiple variations of a face image are
captured and seamlessly stitched together to get a mosaiced face image. The mosaiced image
is a derived representation of the 3D image in the form of a 2D image, without reconstituting
the complete 3D structure of the face. Face mosaicing is also useful for multiple pose based
face recognition.

Further, a 2D face deformation model can be used to model the variations in expression
and aging. By studying the deformation patterns and the elasticity of face, a deformation
model can be generated to model the different variations of a face due to expression, and
aging.

Finally a large real time disguise face database is necessary to test and validate the
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performance of a face recognition algorithm for non-cooperative users.
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