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Abstract: Gait recognition systems allow identification of users relying on features acquired from their body movement while 
walking. This paper discusses the main factors affecting the gait features that can be acquired from a 2D video sequence, 
proposing a taxonomy to classify them across four dimensions. It also explores the possibility of obtaining users’ gait features 
from the shadow silhouettes by proposing a novel gait recognition system. The system includes novel methods for: (i) shadow 
segmentation, (ii) walking direction identification, and (iii) shadow silhouette rectification. 
The shadow segmentation is performed by fitting a line through the feet positions of the user obtained from the gait texture 
image (GTI). The direction of the fitted line is then used to identify the walking direction of the user. Finally, the shadow 
silhouettes thus obtained are rectified to compensate for the distortions and deformations resulting from the acquisition setup, 
using the proposed four-point correspondence method. The paper additionally presents a new database, consisting of 21 users 
moving along two walking directions, to test the proposed gait recognition system. Results show that the performance of the 
proposed system is equivalent to that of the state-of-the-art in a constrained setting, but performing equivalently well in the 
wild, where most state-of-the-art methods fail. The results also highlight the advantages of using rectified shadow silhouettes 
over body silhouettes under certain conditions. 
 

1. Introduction 

Biometric traits such as iris, fingerprint or palmprint 

are widely used for user recognition as they provide a higher 

level of security when compared to passwords or key cards. 

However, these traits are mostly used in controlled 

environments, since they require active user cooperation. To 

employ biometric recognition in the wild, i.e., in less 

constrained or even unconstrained conditions, the used traits 

should: 

 not require active user cooperation; and 

 be collectable from a distance. 

Among the currently used biometric traits satisfying 

the requirements above, gait, representing the static and 

dynamic aspects of a user’s motion, is unique to a user, and 

collectable without active user cooperation, from a distance, 

even using low resolution images [1]. 

Gait recognition can be performed from data 

acquired using a wide range of devices, including body 

worn sensors, force plates on the floor, depth sensing 

cameras, and also conventional 2D video cameras. For 

operation in the wild, it can be difficult to setup complicated 

sensors on the user, and depth sensing cameras typically 

have a limited range of operation, thus making 2D cameras 

the more viable choice [2]. 

Most state-of-the-art image based gait recognition 

systems first employ a background subtraction algorithm [3] 

to separate the walking user from the background. The 

resulting body silhouette (foreground) is used to obtain 

features for recognition, such as gait energy image (GEI) [4], 

gait probability image [5] or silhouette contour [6]. In some 

conditions, also the silhouette of the shadows cast by the 

walking user on the ground can be used to characterize that 

users’ gait and perform recognition [7]. 

 

1.1. Motivation 
The exploitation of silhouettes obtained for gait 

recognition in the wild can be a challenging task, as the 

silhouettes used for representing the user’s gait can be 

affected by several factors, notably related to the user, the 

camera characteristics, the light source and the environment. 

The state-of-the-art [16-43] addresses some of the related 

problems, such as the changes in the observed view of the 

user with respect to the camera, or changes in the user’s 

appearance, for instance due to clothing. However, many 

other limitations of gait recognition, related to the factors 

listed above and combinations thereof can be identified. 

Therefore, this paper proposes a taxonomy discussing the 

factors affecting gait features’ quality and how they can 

impair gait recognition. This taxonomy considers that gait 

recognition can exploit the user body silhouettes, but also 

silhouettes corresponding to the shadows cast by the user. 

In addition, the paper proposes a novel gait 

recognition system, operating on shadow silhouettes. The 

use of shadow silhouettes can be advantageous in several 

scenarios, such as: 

 When the video camera is mounted on an elevated 

position (e.g., placed on a lamp post, or carried by a 

drone, or placed near the ceiling inside a building), 

capturing an overhead view of the scene. Under such 

conditions, the user’s body silhouette can be self-

occluded, as illustrated in Fig. 1.a, b, while the shadow 

cast by the user is similar to the body silhouette and 

possibly less affected by occlusions. 

 When gait features are acquired from the body 

silhouettes at different parts of a video sequence, as 

illustrated in Fig. 1.c, they can appear significantly 

different due to the problem of view change. However, 

under the same conditions, the features acquired from 

the shadow silhouettes often appear similar to each 
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other, allowing the use of the entire video sequence for 

gait recognition using shadows. 

 When the video camera is mounted in a side view 

position, capturing both the body and the shadow cast 

by the user, as illustrated in Fig. 1.c. Under such 

conditions, features can be acquired from both the 

user’s body and the shadow, and treated as two sources 

of information, in a multimodal system, which can 

improve recognition results. 

To perform gait recognition using shadow silhouettes, 

the proposed system includes three main contributions: (i) a 

method to perform shadow segmentation, separating the 

shadow from the user body; (ii) a method to identify the 

user’s walking direction, so that it can be successfully 

matched with a gait database which is sorted with respect to 

the walking directions; and (iii) a method to rectify the 

shadow silhouettes to compensate the distortions and 

deformations present in them. The method can be applied, 

before the matching step, to improve recognition results. 

 

   
a) b) 

 
c) 

Fig. 1. Example of image captured by: a), b) overhead 

camera (from pixabay.com, [43]), c) side view camera.  

 

1.2. State-Of-The-Art 
A considerable amount of work has been reported on 

gait recognition, suggesting improvements on various 

components of the recognition system, such as feature 

representation, matching and decision, but also towards its 

operation in the wild, notably concerning the robustness to 

changes in view and/or appearance [1]. The methods 

employed for gait recognition can be broadly classified into: 

(i) model based, or (ii) appearance based methods. 

Most model based methods rely on a 3D model 

describing the user’s anatomy and/or kinematics. 

Recognition is performed using features obtained from the 

model, providing robustness to changes in view. Examples 

include methods that construct a 3D user model using static 

and dynamic features of a user’s body obtained with 

multiple 2D cameras [8], or depth capturing cameras [3]. 

Multiple 2D cameras are also used in [9] to obtain visual 

hulls of a user to construct a 3D model that transforms the 

gallery gait features to match the probe view. A drawback of 

these methods is that they require multiple cameras or a 

depth camera, which typically has a limited range of 

operation. Also, model based methods assume that the view 

of the probe sequence is known. Although some methods 

such as [10], [11] do identify the probe view using the feet 

positions of a user along time and synthesize silhouettes for 

the identified view using the user’s 4D (3D + time) gait 

model, they require information of the scene being observed 

along with camera parameters, making them ineffective for 

recognition in the wild. 

Other methods generate view invariant features using 

a canonical view model. For instance, hip, knee and ankle 

positions [12], [13] or head and feet positions [14], are 

obtained from a random view and converted to the canonical 

view using a rectification step, before attempting 

recognition. View rectification is performed over entire 

silhouettes using a perspective projection model and a 

calibrated camera in [15]. Transformation of gait features 

into a canonical view is effective within a small range of 

viewing angles, thus limiting the methods’ applicability. 

Also, since these methods rely on identifying key joints or 

body parts, occlusions affect their performance. As a 

conclusion, model based methods typically lack robustness 

against appearance changes, which together with the other 

listed limitations makes them difficult to apply for 

recognition in the wild. 

Appearance based methods rely on spatiotemporal 

information obtained from the input gait sequences. Most of 

these methods perform recognition without requiring 

additional information, such as camera parameters, position 

or other environment settings. Recognition often relies on 

features representing the walking user silhouette evolution 

[16], such as the GEI, averaging the silhouettes over a gait 

cycle [17], or the gait entropy image (GEnI), computing the 

entropy over a GEI [18]. 

Appearance based methods can tackle view changes 

by either view transformation or view tagging. View 

transformation methods (VTM) reported in the literature 

[19-25] apply singular value decomposition (SVD) to a 

matrix containing gallery examples in different views, 

generating a set of gait feature vectors and a transformation 

matrix that can transform probe feature vectors from one 

view to another. The performance of these methods can be 

improved by using different feature representations, such as 

GEIs [19], or Radon transform-based energy images [20], as 

well as improved classification techniques, such as support 

vector machines [21], or multi-layer perceptron [22]. 

However, a limitation of these methods is that they tackle 

the problem of view change assuming that the probe view is 

known. This limitation can be dealt with using a view 

transformation model to generate feature vectors for virtual 

views, which are then projected onto a Grassmann manifold 

subspace [23], [24]. Alternatively, a given silhouette, 

independently of the view, can be transformed into a 

canonical view using a transformation matrix obtained by 

low-rank optimization of a GTI [25]. Nonetheless, in the 

current literature, methods that rely on correlation between 

views to recognize a user usually do not consider 

appearance changes. 

View tagging methods, on the other hand, are robust 

to both changes in view and appearance, following a two-

step approach. The first step performs view identification, 

typically by analysing the user’s leg region [26], for instance 

using features computed using GEnI [27], [28], perceptual 

hash [29], or the user’s feet position [30]. The gallery is 

sorted according to the available views, so that in the second 

step recognition can be performed with respect to the 
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identified view. Robustness to appearance changes can be 

achieved for instance using features that highlight the 

silhouette areas unaltered by appearance changes, as the 

multiscale gait image (MGI) [27], or decomposing GEIs into 

sections and using a weighted score for recognition [31]. 

Other methods include using a binary mask [32], a 

weighting scheme [33] or a clothing model [34] to reduce 

the influence of appearance changes. Since these methods 

can tackle both view and appearance changes, they are good 

candidates for gait recognition in the wild. 

The appearance based methods discussed above rely 

on body silhouettes to obtain gait features. However, gait 

features can also be obtained from shadow silhouettes under 

certain conditions [7]. Examples of such features include: 

harmonic coefficients obtained from gait stripes in [35], [36], 

the contour of the shadow silhouette [37], or both [38], as 

well as affine moment invariants (AMI) obtained from the 

shadow GEI [39]. View change is tackled in such conditions 

using a transformation method [40] that uses information 

such as the relative positions of the light source, user and the 

camera. Alternatively, silhouettes can be transformed into a 

canonical view by applying a transformation obtained by 

low-rank optimization of a shadow GTI, using robust 

principal component analysis (RPCA) – this approach is 

also called transform invariant low-rank textures (TILT) 

[41]. It can also be tackled using a 3D model [42], where a 

virtual shadow is synthesized using information from the 

scene, such as the position of the light source and the user. 

Robustness to changes in appearance is dealt with in [43] by 

using the method proposed in [33] over GEIs computed 

from the shadow silhouettes, considering sequences 

recorded in a setup with two infrared light sources to cast 

two shadows, perpendicular to each other, and captured 

using an overhead camera. 

These methods, although effective, face several 

limitations often needing information about the acquisition 

setup, such as the position of the light source, and 

sometimes requiring manual gait period estimation and/or 

manual shadow segmentation, consider a fixed camera view, 

a fixed walking direction, and/or a fixed position of the light 

source. These limitations provide opportunities to further 

improve these methods to operate in the wild. 

 

1.3. Contribution 
The current literature lacks an encompassing 

discussion of the factors affecting gait recognition systems. 

Thus, a taxonomy discussing the factors affecting the 

features obtained to perform gait recognition is proposed in 

this paper. 

A second contribution is a novel gait recognition 

system that acquires gait features from shadow silhouettes. 

The proposed system addresses several limitations of the 

state-of-the-art, such as performing shadow segmentation in 

the wild, rectifying the shadow silhouettes and tackling view 

change. The proposed system performs shadow 

segmentation, separating the user and the shadow, by fitting 

a line through the feet positions of the user, which are 

computed using a GTI. Then shadow silhouettes are 

rectified using the proposed four-point correspondence 

method, to compensate for the distortions and deformations 

present in the shadow silhouettes. The rectification allows 

the features acquired along a video sequence, as illustrated 

in Fig.1.c, to be successfully matched with the database. 

According to the proposed taxonomy, view change happens 

when the position of the user with respect to the light source 

and the camera changes. The proposed system tackles the 

problem of view change by sorting the database with respect 

to the observed view. It then identifies the view of the probe 

using the walking direction of the user, which is estimated 

by computing the angle of the line used to perform shadow 

segmentation. So, the extracted features can be matched 

with respect to the identified view in the database. Thus, the 

proposed system contains three novel contributions: 

 A method to perform automatic shadow segmentation; 

 A method to perform walking direction identification; 

 A method to transform user’s shadow silhouettes into a 

canonical view.  

This paper also presents a new database to test the 

performance of the proposed gait recognition system. 

Moreover, it allows comparison of results obtained from the 

body and the shadow silhouettes. 

The rest of the paper is organized as follows. Section 

2 discusses the factors affecting gait recognition. Section 3 

presents the proposed gait shadow recognition system and 

section 4 discusses the experimental results, including a 

description of the new database. Section 5 provides 

conclusions and suggests directions for future work. 

2. Factors Affecting Gait Recognition 

The performance of an image-based gait recognition 

system can be affected by a large number of factors, which 

can, for instance, be perceived as view changes or 

appearance changes. If the influence of such factors is not 

appropriately understood and tackled, it may lead to poor 

recognition results. Thus, to better understand the relevant 

factors affecting gait recognition, this paper proposes a 

taxonomy, shown in Fig.2, which groups these factors into 

four main dimensions: 

 User related factors; 

 Camera related factors; 

 Light source related factors; and 

 Environment related factors. 
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Some of the considered factors affect the user’s 

physical gait, while others affect the observation of gait and 

therefore the possibility to capture good features. Each of 

these dimensions, as well as some combinations of factors 

from different dimensions, are discussed in the following 

subsections. Section 2.1 includes a discussion on user 

related factors, clarifying that the problems in the observed 

gait caused by wearing a coat differ from those caused by 

wearing different footwear and, thus, should not be 

considered as a common problem of appearance change. 

Section 2.2 discusses how cameras cause distortion and 

deformation in the images captured by them. Section 2.3 

discusses how the light source can affect the shadow 

silhouettes and the conditions needed to obtain sharp 

shadows, which are usable for gait recognition. Section 2.4 

discusses other factors that can affect gait recognition, such 

as foreground occlusions. Finally, section 2.5 discusses 

problems affected by several factors, such as the perceived 

view change resulting from the change of user position with 

respect to the camera, clarifying the difference between 

existing works, such as those presented in [44] and  [52]. It 

also addresses how the user’s change of position with 

respect to the light source can affect shadow silhouettes, and 

discusses the advantages of using shadow silhouettes in an 

image-based gait recognition system. 

 
2.1. User Related Factors 

Gait recognition relies on features describing the user 

appearance and the corresponding motion pattern while 

walking. As such, any factors affecting the observable 

features or the user’s gait should be taken into account. 

One set of factors is related to the user’s appearance. 

Some gait recognition methods assume that users’ 

appearance will be similar along time [3-7]. However, 

appearance can be altered by clothing changes, e.g. when 

wearing a coat, a hat, or a long skirt, as well as by carrying 

items, such as a bag or backpack. This can result in (partial) 

occlusion of the gait features useful for recognition purposes, 

as can be seen by comparing Fig.3.a and Fig.3.b. The 

problem of appearance changes has been addressed in the 

state-of-the-art [26-34], with some publicly available 

databases including test sequences allowing to test some of 

these conditions [44]. Appearance change can be considered 

as a problem of occlusion, where the gait of the user is often 

unaffected but some features are occluded by external 

objects worn or carried by the user. 

A second set of factors affect the user’s body 

dynamics, changing the gait itself. It includes factors such as 

speed, health, age and mood of the user. When the user 

increases the walking speed there is an increase in the arms 

swing and the stride length, as well as torso angle, as 

illustrated in Fig.3.c. Speed change is a covariate that has 

been studied in the literature, and some recognition solutions 

use features that remain unaltered with changes in speed 

[45], or use an ensemble of weak classifiers to solve the 

problem [46]. Some databases allow testing algorithms on a 

(limited) range of speeds [44] [47]. Larger speed variations 

and their effect on recognition requires further work, one 

possibility being to recognize the speed and comparing 

against a gallery with sequences of people walking at the 

identified speed. 

User’s health also affects the body dynamics. Injuries 

or other health problems may cause shorter or irregular 

strides, bending of the spine, or restricted limb movement, 

altering the user’s gait, as illustrated in Fig.3.d. The health 

of the user also includes fitness, and weight variations. Age 

is another factor affecting gait; comparisons made between 

features acquired over longer periods of time are prone to be 

affected by changes in the user’s height, weight, and 

muscular and bone development. The literature reports 

methods able to detect certain health issues, such as leg 

 
Fig. 2. Factors affecting image-based gait recognition. 

 

ACCEPTED MANUSCRIPT



AC
C

EP
TE

D
 M

AN
U

SC
R

IP
T

5 

 

injuries or a hunchback [48] [49], however, user recognition 

under such conditions is yet to be fully explored. 

 
Fig. 3. Examples of silhouettes for: a) normal gait, b) partly 

occluded by a coat, c) altered by speed and d) affected by 

health. 

Two other factors that can affect gait include the type 

of footwear, and the user’s mood. The impact of using 

different footwear has been addressed in the literature, for 

instance devising feature representations that remain stable 

in different conditions, like MGI [27]. The influence of 

mood on gait has been discussed in medical literature, such 

as [50], however its effect on gait recognition is yet to be 

explored. 

 

2.2. Camera Related Factors 
This paper is concerned with gait recognition 

systems that use a video camera to capture gait information. 

Therefore, any image distortions and deformations resulting 

from the camera setup can be, typically described by its 

external and internal parameters [51], can affect the 

computation of gait features. Camera external parameters 

include rotation and translation matrices, denoting the 

transformations from the 3D world coordinates to the 3D 

camera coordinates. Camera internal parameters include 

focal length, image sensor format, principal point, scale 

factor and skewness coefficient which define the 

transformation of 3D camera coordinates into a 2D image 

(following a pinhole camera model). Thus, the combination 

of internal and external parameters describes the 

transformation of the 3D world coordinates into a 2D image. 

They also control the field of view, scale, skewness and 

resolution of the resulting image, with any distortions or 

deformations in the image affecting the gait features, as 

illustrated in Fig.4, and eventually leading to poor 

recognition results [41] [52]. 

 
Fig. 4. Examples of shadow silhouette deformations caused 

due to field of view, skewness and scale changes, as 

presented in [41]. 

Gait recognition relies on the successful capture of 

key instances of a gait cycle, such as heel strike, loading 

response, mid stance, etc. – see Fig.5. Since a normal 

walking gait cycle lasts for only 1 to 2 seconds, the camera 

must capture images at a sufficiently high frame rate to 

capture these key instances. Therefore, the acquisition frame 

rate of the camera is a determinant factor for the quality of 

gait features obtained [53]. 

 
Fig. 5. Key instances of a gait cycle: a) heel strike, b) 

loading response, c) mid stance, d) terminal stance, e) pre 

swing, f) mid swing, g) terminal swing. 

Other camera related factors are the sensitivity, focus 

mode and brightness/white control settings, which can help 

to better distinguish the user from the background, thus 

affecting the quality of silhouettes from which features are 

often extracted. Poor camera settings may lead to 

incomplete or missing features. As discussed in [54], 

changes in silhouette quality (i.e., incomplete features) can 

affect recognition results. 

  

2.3. Light Source Related Factors 
The third taxonomy dimension is related to the light 

source illuminating the scene. Light intensity is the main 

factor determining whether it is possible for the camera to 

“see” and therefore to allow identification of a walking user, 

or if the scene is poorly illuminated preventing the 

acquisition of usable features. Another important factor that 

characterizes the light source is its spectrum range. For 

instance, the works reported in [49] and [43] discuss the 

merits of using infrared light to perform gait recognition. 

The scene illumination also determines whether there 

will be a shadow cast by the user which can be used for gait 

recognition purposes. The quality of the shadow silhouette 

depends primarily on the direction of the light rays emitted 

by the light source. When light rays travel in the same, well-

defined direction, towards the user, i.e. under a collimate 

source of light, a sharp shadow is cast, displaying features 

similar to those that can be computed from the user’s body 

silhouette – see Fig.6.a. If the light rays have many different 

directions, the resulting shadow will be diffused, appearing 

as a blob around the user with no distinguishing gait features 

– see Fig.6.b. Thus, a gait recognition system can only 

operate on sharp shadow silhouettes. 

Fig. 6. Examples of a) sharp and b) diffused shadows cast 

by the walking user. 

Other factors affecting the cast shadows are the 

distance and size of the light source. If the user is too close 

to the light source, an incomplete shadow will be produced, 

only including the body parts illuminated by it. While, if the 

user is too far away, sufficient intensity of light may not 

reach the user to cast a usable shadow. Finally, the 

illumination source size should be sufficiently large to 

uniformly illuminate the entire scene. However, if the light 

source size is large but not sufficiently far away then light 

rays from multiple directions might cause multiple 

    
  a)          b)          c)                d) 

 

 

 

  

       
     a)        b)        c)       d)          e)          f)       g)          

   
a)         b) 
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overlapping shadow contributions, resulting in a diffused 

shadow from which gait is not identifiable. 

Typically, the literature addressing gait recognition 

using cast shadows considers recognition using a setup 

where all these factors are pre-determined [35-43]. To be 

able to address more real-life situations, the influence of 

variations in these factors needs to be studied. 

 

2.4. Environment Related Factors 
The environment, as observed by the camera, 

contains three main factors that can affect gait recognition: i) 
the objects in front of the user, ii) the background and iii) 

the terrain on which the user walks. The objects in front of 

the user can cause occlusions, which can lead to missing 

features. Background properties, such as colour and texture, 

if similar to the user’s clothing can cause camouflage. In this 

case, distinguishing the user from the background becomes 

difficult, which can also lead to incomplete or missing 

features. 

The terrain on which a user walks can cause changes 

in the user’s gait. Those changes can be attributed to terrain 

properties, such as elevation, friction and irregularities. For 

example, a user has to put extra efforts to walk up a slope, 

when compared to a flat surface. These efforts, as well as 

terrain properties, alter the user’s arm swing, stride length 

and the orientation of some body parts. Thus, the terrain can 

significantly affect the observed features, as discussed in 

[55]. 

 

2.5. Combination of Factors 
The above taxonomy dimensions help to understand 

the factors affecting gait recognition. But, in the wild, some 

factors appear in combination across different dimensions, 

with further effects on the observed gait features. For 

instance, a camera captures only the part of the 3D world 

visible to it. Therefore, changes in the user position and 

walking direction relative to the camera, result in changes in 

the view of the user observed by the camera. Under such 

conditions, the features captured by the camera can change 

even when the physical gait of the user remains unchanged 

and un-occluded. For example, when a user walks towards 

the camera, the user’s front view is observed, as illustrated 

in Fig.7.a, while if the user walks perpendicularly to the 

camera axis, the observed side view (see Fig.7.b) is 

significantly different, as discussed in [44]. Even under 

constrained conditions, when the user walks along a straight 

line across the (fixed) camera (see Fig.1.c), the captured 

view of the user at the start and at the end of the gait 

sequence will be significantly different, as illustrated in 

Fig.7.c and d, respectively, as discussed in  [52]. 

Consequently, features computed for the same walking 

direction with a fixed camera may not match each other. The 

problem of view changes can be addressed using 

transformation or view tagging [19-30], but identifying 

users from a missing view is still a challenging task. 

 

Fig. 7. Different views of the same user: a) frontal, b) 

lateral, c) view at the start of the sequence, d) view at the 

end. 

Another relevant combination across taxonomy 

dimensions, especially when considering the recognition 

using shadows, is that of user and light source factors. This 

is especially relevant when there are considerable body self-

occlusions while the cast shadow is clearly visible, as 

illustrated in Fig.1.a, for instance when a camera observes a 

user from a top view. In this case, the cast shadows depend 

on the combination of the user walking direction and the 

illumination direction, as illustrated in Fig.8.a, b. 

Also, depending on the relative positions of the user, 

light source and camera, the user body may occlude the cast 

shadow, or the shadow may be cast by an overhead position 

of the light source, preventing acquisition of useful gait 

features. However, for an un-occluded shadow silhouette 

cast by a sideway position of the light source an interesting 

observation can be made. Under a collimated light source, 

when a user walks along a straight-line perpendicular to the 

camera axis, the shadows cast by the user along the 

trajectory will always appear similar to each other, since the 

user’s position with respect to the light source does not 

change significantly. This is different from what happens for 

the body silhouettes (see Fig.7.c, d). As illustrated in Fig.8 

the shadow silhouette Fig.8.b appears to be a skewed 

version of the shadow silhouette Fig.8.c. Also, since the cast 

shadow corresponds to an area darker than its surroundings, 

methods such as RPCA [3] can more easily distinguish the 

shadow from the background, than the user body. 

 
Fig. 8. Change in the shadow cast by the same user: a), b) 

when user’s position w.r.t. the light source changes, and at 

the b) start and c) end of a linear walking sequence. 

3. Proposed System 

A number of factors can prevent successful 

acquisition and matching of body gait features, such as the 

observed view of the user, or the background properties, as 

discussed in section 2. Under such conditions, the shadow 

silhouette can be an alternative source of features, if the 

shadow cast by the user is sharp and un-occluded, as 

illustrated in Fig.6.a. Thus, several methods addressing gait 

recognition using shadows have been proposed in the 

literature, although not exactly considering operation in the 

wild. The problems caused by factors such as camera 

parameters, and changes in the cast shadow due to change in 

the position of the user with respect to the light source, are 

yet to be effectively addressed. 

This paper proposes a system, suitable for operation 

in the wild, as it is able to tackle the problem of changes in 

shadows’ appearance caused by the different positions of the 

user with respect to the light source and camera. The system 

also performs automatic shadow segmentation and 

silhouette rectification, compensating for image distortions 

due to the camera. Using the proposed system, features 

      
 a)       b)            c)             d)               

   
        a)                      b)                          c)   
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obtained at any part of the gait sequence can be matched 

with the database, which otherwise can be a challenging task 

for body and shadow silhouettes, as discussed in section 2. 

 

3.1. Shadow Segmentation Method 
The video sequences captured by the camera contain 

the user, the corresponding shadow, and the background. To 

isolate the moving areas, a background subtraction method 

can be employed, such as RPCA [3], to produce foreground 

silhouettes containing the body and the shadow of the user, 

with both silhouettes connecting at the feet position. Once 

the foreground silhouette is available, the body and shadow 

silhouettes can be segmented (i.e., separated). 

The shadow segmentation problem is discussed in 

[35], where an automatic shadow segmentation method is 

proposed, which performs extremely well under a 

constrained setting. It computes the sum of intensities along 

the first principal component direction over a GTI, 

identifying the point of separation as the one with the 

highest summation value. The GTI is constructed by 

averaging the K images containing the silhouettes 𝐼(𝑥, 𝑦, 𝑡), 

according to (1). 

 

𝐺𝑇𝐼(𝑥, 𝑦) = ∑ 𝐼(𝑥, 𝑦, 𝑡) 𝐾⁄𝐾
𝑡=1   (1) 

 

However, the method presented in [35] is limited in 

its use in the wild as the principal component computed over 

the GTI does not always align itself with the walking 

direction (see Fig.9.a), and, when aligned, the highest 

summed intensity does not always correspond to the user’s 

feet position (see Fig.9.b). 

 

 
Fig. 9. Illustration of the drawbacks of the shadow 

segmentation method in [35]: a) principal component 

misalignment; b) sum of intensities along x-axis. 

 

Nevertheless, user’s feet positions in the GTI are 

represented by the higher intensity values, as seen in Fig.9.a. 

Therefore, the proposed method uses a threshold to identify 

those feet positions. The threshold is selected as 80% 

(empirically determined) of the highest intensity pixel value 

in the image, as it usually correspond to the feet positions of 

the user. The method then fits a line through the centroids of 

the various feet positions to separate the body (above) from 

the shadow silhouettes (below the line), as illustrated in 

Fig.10. Since under certain conditions, some of the high 

intensity values may correspond to the arm position, due to 

the overlapping silhouettes in the GTI, the proposed method 

applies a random sample consensus (RANSAC) line fitting 

algorithm [56]. RANSAC classifies the centroids as inliers 

and outliers, fitting the line only using the inliers, making 

the method robust to the falsely identified feet positions. 

The method starts by considering a line model using two 

random centroids, followed by selecting a set of inliers for 

the given model. The process is repeated until a maximum 

number of centroids agree on the selected model. 

 

 
Fig. 10. Proposed shadow segmentation method. 

 

3.2. Walking Direction Identification Method 
The line separating the shadow and body silhouettes 

highlights the walking direction of the user. This way, given 

a scenario where the user’s view is unknown, the fitted line 

representing the walking direction can be used to identify 

the captured view, as discussed in [30]. 

The state-of-the-art [26-30] relies on the bottom third 

of the body silhouette to perform walking direction 

identification and hence requires a good shadow 

segmentation method. Since the proposed shadow 

segmentation also allows identifying the user’s walking 

direction, it eliminates the need of an additional step. With 

the proposed method, walking direction identification can be 

done by computing the angle between the fitted line and the 

coordinate axis. The walking direction thus obtained 

corresponds to a unique observed view of the user. 

Recognition can then be performed by selecting a subset of 

the database, identified by the walking direction. 

 

3.3. Shadow Silhouette Rectification Method 
The images acquired by the camera contain 

distortions and deformations due to the camera setting, as 

discussed in section 2, which also affect the shadow 

silhouettes obtained from such images. To perform 

recognition, the distortions and deformations need to be 

compensated for, by rectifying the shadow silhouettes. The 

proposed method rectifies the shadow silhouettes by 

transforming them into a common canonical view, using a 

homographic projective transformation. The transformation 

parameters cannot be determined directly from the image, 

requiring the usage of a method like TILT [41], to perform a 

low-rank optimization of the GTI. However, TILT being an 

optimization method cannot be fully controlled and thus, it 

may retain some deformations, while also distorting the 

aspect ratio of the shadow silhouettes. 

The proposed shadow silhouette transformation 

method, here denoted as “four-point correspondence 

method”, estimates the transformation parameters using 

head and feet positions of shadow silhouettes at the 

beginning and end of the available gait sequence. Since 

along a gait cycle, the best estimates for the head and feet 

positions are obtained during the mid-stance/mid-swing, 

where arms and feet of the user are closer to the body, the 

proposed method selects shadow silhouettes from the first 

 
a)                                       b) 

           Silhouette (User+Shadow) 
           Feet Position 
           Centroids 
           Fitted Line 
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mid-stance and last mid-swing phases available. The mid-

stance phase is determined by analysing the normalized 

aspect ratio, obtained by subtracting the mean and dividing 

by the standard deviation of the cropped shadow silhouettes 

along the gait sequence. Notice that the mid-stance/mid-

swing correspond to the lowest normalized aspect ratio 

values within each gait cycle. 

Once both the first and the last shadow silhouettes in 

the mid-stance/mid-swing phase are identified, the proposed 

method applies principal component analysis (PCA) to 

estimate the orientation of the selected shadow silhouettes, 

followed by the computation of their convex hulls and 

centroids. Finally, the method passes a line through each 

selected shadow silhouettes’ centroid, with their first 

principal component’s orientation, intersecting the convex 

hull at the head and feet positions of the respective shadow 

silhouettes, as illustrated in Fig.11. Thus, the method obtains 

four points corresponding to the head and feet position of 

the shadow silhouettes belonging to the first mid-stance and 

the last mid-swing phase in the observed view. 

 

 
Fig. 11. Head and feet positions of the shadow silhouette. 

The proposed method then estimates the location of 

the four corresponding points in the canonical view, which 

allows to establish a one-to-one correspondence between the 

observed and the canonical views according to equation (2), 

and as illustrated in Fig.12. 

 

𝑥𝑙 = 𝑥1, 𝑥𝑟 = 𝑥1 + √(𝑥1 − 𝑥2)
2 + (𝑦1−𝑦2)

2,  

𝑦𝑡 = (𝑦1 + 𝑦2) 2 ⁄ , 𝑦𝑏 = (𝑦3 + 𝑦4) 2⁄ . 

(2) 

 

where the points representing the head and the feet positions 

of the user at the first mid-stance phase are (𝑥1, 𝑦1),
(𝑥3, 𝑦3) and at the last mid-stance phase are (𝑥2, 𝑦2), 
(𝑥4, 𝑦4), respectively.  Their mappings onto a canonical 

view are (𝑥𝑙 , 𝑦𝑡), (𝑥𝑙 , 𝑦𝑏), (𝑥𝑟 , 𝑦𝑡) and (𝑥𝑟 , 𝑦𝑏), respectively. 

 

 
Fig. 12. The head and feet positions in the observed 

view (red) and their corresponding mapping in the 

canonical view (blue). 

Using the estimated head and feet positions and their 

mappings in the canonical view, the proposed method 

estimates the parameters for the homographic projective 

transformation as a matrix  𝐻 , consisting of three sub-

matrices 𝑇, 𝑅 and 𝑃, [51], where 𝑇 represents translation, 𝑅 

represents rotation, scaling and shear, while 𝑃  represents 

perspective transformations, according to (3). 

𝐻 = [
𝑅 𝑃
𝑇 1

]                                      (3) 

where 𝑅 = [
𝑟00 𝑟01

𝑟10 𝑟11
] , 𝑇 = [𝑡𝑥 𝑡𝑦], 𝑃 = [

𝑝𝑥

𝑝𝑦
] 

 

The parameters of 𝑇, 𝑅 and 𝑃 are obtained from (4), 

assuming (𝑥𝑙 , 𝑦𝑡) to be the coordinate axis origin. 

 

𝑃 =

[
 
 
 
 
 
 
 1

𝑥𝑟 − 1

|
𝑥1 − 𝑥2 + 𝑥4 − 𝑥3 𝑥3 − 𝑥4

𝑦1 − 𝑦2 + 𝑦4 − 𝑦3 𝑦3 − 𝑦4
|

|
𝑥2 − 𝑥4 𝑥3 − 𝑥4

𝑦2 − 𝑦4 𝑦3 − 𝑦4
|

1

𝑦𝑏 − 1

|
𝑥2 − 𝑥4 𝑥1 − 𝑥2 + 𝑥4 − 𝑥3

𝑦2 − 𝑦4 𝑦1 − 𝑦2 + 𝑦4 − 𝑦3
|

|
𝑥2 − 𝑥4 𝑥3 − 𝑥4

𝑦2 − 𝑦4 𝑦3 − 𝑦4
| ]

 
 
 
 
 
 
 

 

 

𝑇 = [𝑥1 𝑦1]   (4) 

 

𝑅 = [

𝑥2 − 𝑥1

𝑥𝑟 − 1
+ 𝑝𝑥𝑥2

𝑥3 − 𝑥1

𝑦𝑏 − 1
+ 𝑝𝑦𝑥3

𝑦2 − 𝑦1

𝑥𝑟 − 1
+ 𝑝𝑥

𝑦3 − 𝑦1

𝑦𝑏 − 1
+ 𝑝𝑦

] 

 

Using the estimated parameters, a given point 

(𝑥𝑖𝑣 , 𝑦𝑖𝑣) belonging to a shadow silhouette in the observed 

view is transformed into a point (𝑥𝑐𝑣 , 𝑦𝑐𝑣) in the canonical 

view, according to (5). 

 

𝑥𝑐𝑣 =
𝑟00𝑥𝑖𝑣 + 𝑟10𝑦𝑖𝑣 + 𝑡𝑥
𝑝𝑥𝑥𝑖𝑣 + 𝑝𝑦𝑦𝑖𝑣 + 1

 

                                                                                  (5) 

𝑦𝑐𝑣 =
𝑟01𝑥𝑖𝑣 + 𝑟11𝑦𝑖𝑣 + 𝑡𝑦

𝑝𝑥𝑥𝑖𝑣 + 𝑝𝑦𝑦𝑖𝑣 + 1
  

 

The proposed method, transforms the available 

shadow silhouettes into a canonical view, correcting for 

skewness, scale, orientation and other distortions and 

deformations. This transformation allows the successful 

matching of shadow silhouettes captured at any part of the 

gait sequence, which would otherwise be a challenging task. 

 

3.4. User Recognition 
To obtain features for user recognition, the proposed 

system constructs a GEI from the available rectified shadow 
silhouettes. The GEI is obtained by averaging the 𝑁 
available cropped shadow silhouettes  𝐼𝑐(𝑥, 𝑦, 𝑡)  belonging 
to a gait cycle, according to (6). The use of a GEI allows the 
proposed method to minimize the impact of residual 
distortions and deformations in the shadow silhouettes by 
highlighting the dynamic part of the user’s gait. 

 𝐺𝐸𝐼 = ∑ 𝐼𝑐(𝑥, 𝑦, 𝑡) 𝑁⁄𝑁
𝑡=1  

The performance of a recognition system can be 
improved by either improving the quality of the features or 
by using better classification tools. To emphasize the quality 
of the features obtained from the rectified shadow 
silhouettes, the proposed system employs a simple classifier. 
However, before applying the classifier, the proposed 

(x1,y1) 

(x2,y2) 

(x3,y3) 

(x4,y4) 

(xl,yt) 

(xl,yb) 

(xr,yt) 

(xr,yb) 

    Convex hull 
*  Centroid 

    Head and feet position 

    Principal component 
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system performs dimensionality reduction and data 
decorrelation using PCA and LDA. PCA rearranges the data 
along the principal components such that the first principal 
component corresponds to the dimension with highest 
variance, thus allowing the system to select only the 
components with significant variation. The system then uses 
LDA to identify a projection matrix ∅ onto a subspace that 
maximizes the ratio of intra- to inter-class scatter, using 
Fisher’s criterion. Thus, given 𝑘 classes with their respective 
centroids  �̅�𝑘 , recognition of a probe GEI  𝑧 , can be 
performed by computing the Euclidean distance  𝑑(, ) 
between the centroids and the probe in the transformed 
space according to (7). 

 𝑎𝑟𝑔 min𝑘 𝑑(𝑧∅, �̅�𝑘∅) 

4. Experimental Results 

The proposed system is tested using two different 

databases. The first database, published by the Kyushu 

University, Japan, called KU IR shadow database [43], is 

used to compare the proposed system with the state-of-the-

art. The database contains 54 users with 6 sequences for 

each user. The six sequences consist of 4 normal gait 

sequences. The remaining 2 sequences are altered by 

carrying a bag, and changing clothes respectively. The 

database is captured in a constrained setting with a lighting 

setup such that the user casts two shadows, as illustrated in 

Fig.1.b. Sequences are captured from an overhead view, 

resulting in self-occluded body silhouettes, for a duration of 

approximately one gait cycle. 

The proposed system addresses several limitations of 

the state-of-the-art such as view change and rectification of 

shadow silhouettes. It also explores the possible advantages 

of using rectified shadow silhouettes over body silhouettes. 

Thus, the database should contain un-occluded body and 

shadow silhouettes, captured along different views, The KU 

IR shadow database is inadequate when considering such 

conditions. Thus, a new database is presented in this paper, 

containing both body and shadow silhouettes captured in 

two different views. The new gait database will be made 

publicly available, so that other methods can be tested using 

it. 

 

4.1. Shadow Gait Database 
The new database called “IST gait database” includes 

information computed for 21 users. The database was 

collected outdoors, with the setup illustrated in Fig.13.a, 

where each user walks along two directions: BA and BC, as 

illustrated in Fig.13.b. Video acquisition is performed using 

a Nikon D300S camera, at 24fps with a spatial resolution of 

640 × 424 pixels. The data was collected in July 2017, 

between 5:30 and 6:30 pm, in the campus of Instituto 

Superior Técnico, Lisbon, Portugal. Each user is recorded 

on 2 different days (sessions). Each user walks 3 times in 

each direction during each session, amounting to 12 gait 

sequences, each one including at least 3 complete gait cycles. 

To test the system using the database, the following 

protocol is proposed. The system is first trained using the 

sequences belonging to the first session and tests use the 

sequences of the second session. Next, the system is trained 

using the sequences belonging to the second session and 

tested against the sequences of the first session. Finally, the 

mean of the two results is presented as the correct user 

recognition rate and the standard deviation is presented as a 

measure of the confidence value. 

 

 
Fig. 13. Acquisition setup a) camera position b) walking 

directions. 

 

4.2. User Recognition using Shadow Silhouettes 
The first test is conducted using the KU IR database 

presented in [43]. However, since the proposed system in its 

current form is not robust to appearance change, only the 

first 4 normal gait sequences are used for testing. Also, 

unlike the method presented in [43] that uses both shadows 

and body silhouettes, the proposed system is tested only on 

(lateral view) shadow silhouettes. The recognition results 

are obtained following the 4-fold cross validation protocol 

presented in [43]. Following the protocol, three normal gait 

sequences are used for training and one normal gait 

sequence is used for testing. The test is repeated until all 

possible combinations are explored. 

Among the methods presented in the state-of-the-art, 
the ones presented in [35], [36] perform poorly as the 

considered feature “gait stripe”, which is computed as the 

maximum width of the shadow silhouette, does not seem to 

work well with larger databases, while the methods such as 

[39], [41] and [43] that use features such as entire shadow 

silhouettes and shadow GEIs perform extremely well. The 

proposed system performs equally well under such 

conditions with a correct recognition rate of 97±2%. 

However, it should be noted that under these testing 

conditions even the conventional shadow GEI provides good 

recognition results, as reported in Table 1. The good results 

can be attributed to the training sequences which contain the 

same type of distortions and deformations as observed in the 

testing sequences. The state-of-the-art methods such as [39] 

and [43] rely on the same assumption, as illustrated in 

Fig.14.a, b. They further improve the recognition results by 

employing sophisticated classifiers. The method presented 

in [41] rectifies the shadow silhouettes, compensating the 

distortions and deformations present in the shadow 

silhouettes. However, it can sometimes retain some residual 

deformations, as illustrated in Fig.14.c, which end up 

affecting its recognition results. The proposed four-point 

correspondence method always results in rectification of the 

shadow silhouettes into a canonical view, as illustrated in 

Fig.14.d; its performance does not depend on previous 

knowledge of distortions and deformations in the database, 

leading to good recognition results even with a simple 

classifier, as reported in Table 1. 

 

   
a)                                       b)  
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Table 1: Correct recognition rate with viewpoint changes 

Methods 

Correct 

Recognition 

Rate (%) 

Proposed four-point correspondence 

+ Shadow GEI 
97 

Shadow silhouettes + voting + K-

divisions + AMI method [43] 
97 

Shadow GEI + K-divisions + AMI 

method [39] 
94 

TILT + Shadow GEI [41] 94 

Shadow GEI  92 

 

4.3. Walking Direction Identification 
While performing shadow segmentation, the line 

separating body and shadow silhouettes also provides the 

walking direction of the user. Thus, to observe the 

performance of the proposed walking direction 

identification method, it is tested using all the available gait 

sequences from the IST gait database, as the proposed 

method does not require a training step. The walking 

direction is classified as BC if the angle obtained by the 

proposed method is approximately 0°, else it is classified as 

BA. Since the classification is binary and the separation 

between the two walking directions is significantly large, the 

proposed method performs 100% correct walking direction 

identification with this database. 

To observe the influence of the proposed walking 

direction identification method on the recognition results, a 

test is conducted where the proposed method performs user 

recognition without walking direction identification, using 

both body and shadow silhouettes, following the proposed 

protocol on the IST gait database. The results of the test are 

reported in the first and third rows of Table 2. Next, the 

database is sorted with respect to the walking direction 

following the approach presented in [26-30]. The proposed 

system then identifies the walking direction of the probe and 

performs recognition with respect to the identified walking 

direction, following the proposed protocol on the IST gait 

database. The method thus limits the recognition process 

only to a subset of the database identified by the walking 

direction. This improves the recognition results of both body 

and shadow GEIs, as reported in the second and forth rows 

of Table 2 respectively. 

It should be noted that in the current tests, the 

database considers only two walking directions. However, 

the use of the proposed walking direction identification 

method improves the recognition results by 5-8%, for GEIs 

obtained from both body and rectified shadow silhouettes. 

The gain in the performance of the system can be expected 

to increase as the number of different walking directions 

registered in the database increases. 

 

Table 2: Correct recognition rate with and without walking 

direction identification. 

Methods 

Correct 

Recognition 

Rate (%) 

Body GEI 64±1 

Walking direction identification + 

Body GEI 
69±6 

Proposed four-point correspondence 

method + Shadow GEI 
81±3 

Walking direction identification + 

Proposed four-point correspondence 

method + Shadow GEI 

89±4 

 

4.4. Shadow Silhouettes vs. Body Silhouettes 
It can be observed from Table 2 that, in the given 

setup, user recognition results using body silhouettes are 

inferior to the ones obtained using rectified shadow 

silhouettes. The difference in performance can be attributed 

to the change in the observed view of the user which affects 

the body silhouettes, as discussed in section 2.5. The 

shadow silhouettes, under such conditions, remain relatively 

unaffected. However, they are affected by distortion and 

deformations caused by the camera. The proposed four-

point correspondence method rectifies the shadow 

silhouettes leading to improved recognition results. 

To highlight the significance of the proposed four-

point correspondence method and the advantage of using 

shadow silhouettes over body silhouettes, a test is conducted 

on the IST gait database where the three gait cycles obtained 

along each walking direction are used to obtain three GEI 

groups: 1 (start), 2 (middle) and 3 (end). Recognition can 

then be performed across groups, following the proposed 

protocol. 

 

Table 3: Correct recognition rate using body silhouettes [%]. 

Train/Test Group 1 Group 2 Group 3 

BA BC BA BC BA BC 

Group 1 60±1 62±4 27±0 39±3 05±2 19±4 

Group 2 31±1 33±2 58±5 68±0 29±1 40±1 

Group 3 08±7 09±3 28±3 27±2 65±9 73±0 

 

…….   
a) b) 

  
c) d) 

Fig. 14. Features used by the state-of-the-art: a) shadow 

silhouettes by method [43], b) GEI by method [39], c) 

rectified GEI by method [41], d) rectified GEI by the 

proposed method. 
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Table 4: Correct recognition rate using shadow silhouettes 

[%]. 

Train/Test Group 1 Group 2 Group 3 

BA BC BA BC BA BC 

Group 1 86±1 84±6 43±6 50±1 10±2 11±2 

Group 2 21±6 13±1 73±6 85±1 43±1 34±4 

Group 3 10±0 06±8 32±9 30±2 73±4 77±9 

 

Table 5: Correct recognition rate using rectified shadow 

silhouettes using the proposed method [%]. 

Train 

/Test 

Group 1 Group 2 Group 3 

BA BC BA BC BA BC 

Group 1 73±2 80±2 64±6 86±4 45±5 79±1 

Group 2 71±1 77±5 81±0 89±4 70±5 91±0 

Group 3 53±1 65±7 74±3 80±7 81±4 90±1 

 

In Tables 3, 4 and 5, each entry represents the correct 

recognition rate along the two considered walking directions: 

BA and BC. In all cases, entries along the diagonal represent 

the best recognition results, as the testing and the training 

sequences are obtained from the same part of the gait 

sequence (start, middle or end). Most state-of-the-art 

methods rely on such conditions to provide their results. 

However, recognition performance when using either body 

or shadow silhouettes deteriorates when training and testing 

is performed using silhouettes from different parts of the 

gait sequence. The deterioration is caused because the body 

silhouettes undergo a view change as the user proceeds 

along a walking direction, as illustrated in Fig.15.a, b and c. 

In the case of shadow silhouettes, since the position of the 

light source (Sun) with respect to the user along a walking 

direction remains the same, the shadow silhouettes can be 

expected to remain almost unchanged, apart from the 

camera distortions and deformations – see Fig.15.d, e, and f. 

However, such distortions and deformations lead to poor 

recognition results, as reported in Table 4. The problem is 

addressed by rectifying the shadow silhouettes using the 

proposed four-point correspondence method – Fig.15.g, h, 

and i. The significance of the proposed system is highlighted 

in Tables 3 and 4, where the mean recognition rate using the 

body and shadow silhouette GEIs is 38% and 43%, 

respectively. Under the same conditions, the proposed four-

point correspondence method performs significantly better, 

by rectifying the shadow silhouettes, achieving a more 

consistent performance across all parts of the gait sequence, 

with a mean recognition rate of 75%. Also, given training 

silhouettes belonging to Group 2 (i.e., the middle part of the 

gait sequence), only the proposed system performs gait 

recognition consistently with a mean recognition rate of 80% 

– see Table 5. 

 

Fig. 15. Silhouettes at the start, middle and end of a gait 

sequence. a), b), c) body silhouettes; d), e), f) shadow 

silhouettes and g), h), i) rectified shadow silhouettes. 

 

5. Conclusion and Future Work 

Gait recognition systems rely on successful 

acquisition of gait features to perform user recognition. 

However, the acquisition of features can be hindered by 

various factors. This paper presents a novel taxonomy, 

grouping the identified factors across four different 

dimensions: user, camera, light source and environment. It 

discusses the influence of factors belonging to each 

taxonomy dimension, as well as combinations of factors 

across dimensions, on the acquired gait features. 

The paper considers the use of shadow silhouettes to 

perform gait recognition, which can be advantageous under 

scenarios where, for example, the acquisition of body 
features is impaired. To effectively use shadow silhouettes 

under such conditions, the paper presents a novel method to 

segment the shadow silhouettes, by fitting a line through the 

user’s feet positions identified in a GTI. The fitted line can 

also be used to identify the walking direction of the user, 

which allows the use of a database sorted with respect to the 

walking directions, thus improving recognition results. 

Since segmented shadow silhouettes are usually affected by 

distortions and deformations due to the camera, the paper 

also presents a novel method, the four-point correspondence 

method, to rectify the shadow silhouettes using a 

homographic projective transformation. The method 

estimates the transformation parameters using the head and 

feet positions of the user at the start and the end of the gait 

sequence and its mapping onto a canonical view, allowing 

shadow silhouettes obtained at different parts of the gait 

sequences to be successfully matched with the database. 

Thus, the proposed system performs equivalently to the 

state-of-the-art, in a constrained setting and outperforms 

them in the wild. 

The proposed system currently addresses the 

problems caused by change in walking direction of the user 

with respect to the light source. But, as discussed in section 

2, several other factors can affect the performance of a gait 

system, such as change in appearance or body dynamics of 

the user. However, unlike body silhouettes, the use of 

shadow silhouettes in recognition systems introduces 

additional problems, such as a possible change in the 

available gait features caused by changes in the position of 

the light source. The influence of such problems on the 

proposed system is yet to be studied. Thus, future work will 

include testing the system under a wider range of 

illumination conditions. Also, alternative feature 

representations for shadow silhouettes and sophisticated 

classification tools to perform gait recognition, including 

deep learning techniques, will be investigated. The new 

database presented in this paper consists of data from only 

21 users walking along two directions. The database will be 

extended to include more users, walking along more 

directions, and with different positions of the light source 

(by capturing sequences at different hours of the day). 

                            
  a)                    b)                  c) 

      
d)                 e)                   f) 

                   
   g)               h)                   i) 
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Highlights 

The main contributions of this paper are: 

 A taxonomy discussing the factors 

affecting the features in gait recognition; 

 A method to perform automatic shadow 

segmentation; 

 A method to perform walking direction 

identification, and tackle view change; 

 A rectification method to transform gait 

shadow silhouettes into a canonical view; 

 A new database to test the performance of 

the proposed shadow gait recognition 

system. 
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