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ABSTRACT
Recognizing human from a distance by gait biometric has attracted researchers in recent years. It has many advantages
like; non-invasive, less obscured, un-obtrusive, without subject cooperation, from a distance, can work well with low
quality video. Comparatively gait biometric is newer modality than face, iris and fingerprint. Gait recognition and
analysis have been studied heavily in recent past. In this paper we present an overview of gait recognition. The
approaches are broadly classified into model free, model based, view invariant, fusion of model free and model based.
Keywords
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INTRODUCTION
Gait is a potential biometric trait where unconstrained person identiﬁcation is demanded. It is a protocol free
biometric technique which does not require willingness of person and hence found application in surveillance.
However, commonly used biometric recognition systems usually operate in constrained acquisition scenarios
and under rigid protocols. The ﬁnger print, iris and face recognition could not be the right choice in the
unconstrained environment, where distant data capture is required. Comparatively, gait comprised of motion
trajectories of various body parts, have a potential to get captured properly from relatively far distance.
Walking normally performed naturally as well. It doesn’t need systematic data capture process, where subjects
should necessarily be informed. This makes the identiﬁcation process protocol free. The extended application
of gait recognition can be suspectus identiﬁcation in a sensitive area where security is at the highest priority.
These characteristics of gait biometrics lead it to be an attractive modality from the perspective of human
recognition at a distance. In spite of various advantages, co-variate factors like; walking speed, carrying
conditions, clothing, the surface of walking, fatigue, drunkenness, pregnancy, injury to feet and the psychosomatic condition affects the normal walking style. View angle also play vital role while testing such system.
It may possible that certain view angle provides discriminant information of walking individual while another
may not. Hence, an investigation is needed to ﬁnd robust gait representation which can cope up with these
challenges in multi-view scenario.
Biometrics is considered as one of the successful applications of pattern recognition and has been
widely used in several domains, such as authentication in highly restricted areas, attendance record in office
premises, citizenship identiﬁcation-veriﬁcation and in the ﬁeld of forensics. These biometric systems are
mostly based on modalities like ﬁngerprint, iris and face. However, commonly used biometric recognition
systems usually operate in constrained acquisition scenarios and under rigid protocols. This scenario
motivates researchers to explore the development of non-cooperative systems [1]. In the bio-metrics
application which requires distant data (sample) capture, it becomes almost impossible to acquire the samples,
e.g. ﬁngerprints or iris. Besides popular biometric modalities like ﬁngerprint, face and iris; activity based
biometrics [2] can add the value to the identiﬁcation process. Especially, in the case of biometric applications
where far distant data capture process is involved. In such scenario, gait is the useful biometric trait. The gait
recognition is based on the activity of person, namely walking. The gait activity is the composition of motion
trajectories and coordinated movements of the various body parts and mostly suﬀer from the co-variate
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conditions. There are several advantages of the gait based person identiﬁcation over the conventional
biometrics such as:
1) Most suitable for non-cooperative and unconstrained bio-metric process.
2) Walking normally happen with subject without demanding from it and hence it’s a natural sample.
3) Unlike face and iris, gait can be captured from multiple angle / views, which makes data acquisition more
informative.
4) Even work well with low quality video data.
5) No ﬁne details are required as in face, iris or ﬁnger print based recognition system.
Though, the gait recognition have been researched for long time, there are challenges such as:
1) In some situations like restaurants, shopping malls walking doesn’t always happen.
2) In crowded places, walking can be done in restrictive manner, leading to a change in gait cycle and
affecting bio-metric process negatively.
3) Particular place or situation may have predictable activity to be happened more frequently and hence can
be exploited e.g. in college / department canteen, shaking hands and paying bill after taking out wallet can
be more dominant activities.
4) Gait sample may not give accurate shape proﬁles with loose clothes.
5) Gait can be affected by various co-variate factors like speed, cloths, surface of walking, illness,
drunkenness, pregnancy.
6) Viewing angle effect plays vital role in multi view system.
In the unconstrained environment and distant data capture based bio-metric system, ﬁngerprint, iris and face
recognition could not be right choice. Comparatively gait, comprised of motion trajectories of various body
parts, have a potential to get captured properly from relatively far distance. It doesn’t need systematic data
capture process and only camera installation is required, where subjects are not necessarily be informed,
which make the identiﬁcation process protocol free.
GAIT RECOGNITION APPROACHES
Gait recognition and analysis have been studied heavily in recent past. In this section we will discuss brieﬂy
about it. The approaches in the literature can be broadly classiﬁed into two types viz. model free [3, 4, 5, 6]
and model based [7, 8, 9, 10]. In these approaches, various static and dynamic features of gait sequences were
extracted by using shape analysis, image geometry transformations, wavelet analysis, so on and so forth.
Model Free Approach: In the model free method, the features extracted directly from the image in the spatial
domain. The very initial attempt to demonstrate the visual perception of motion patterns of human
displacement by using moving light display is done by Johanson [11]. Whereas, [3, 12] extract shape based
features by using Procrustes shape analysis for automatic gait recognition. In [13], the author proposed a 3D
method which utilizes complete body shape signature. They extract stereo silhouette vector from 3D contour
and transform it into 1D stereo gait feature. Gait is a cyclic motion due to dynamic body parts movement
which yields spatio-temporal patterns. The spatio-temporal patterns of walking person have been also
analyzed by wavelet analysis [14, 15]. In [14], radon transform is used as it guarantees maximum energy for
most frequently changing silhouette area like legs and hands along with various joints. Further, Haar wavelet
transform is used to extract horizontal and vertical features as these features represent upper and lower limb
movement. Another wavelet based approach [15] uses time frequency analysis of extracted gait cycle. They
calculate the area of lower half of silhouette image. The gait cycle is constructed by using the varying area of
silhouette image half portion as the person walks. After wavelet decomposition, they calculate mean, standard
deviation, skewness and kurtosis of each sub-band as features.
Goffredo et al. [16] computes gait volume using 3D moments. In their another works [17] and [18] they
extract kinematical information such as; angles of hip, ankle, knee and positions of thigh and various body
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parts using anatomical measurements. Whereas, in [19], [20] spatio-temporal symmetry is used for human
identiﬁcation. The symmetry operator is applied on each edge map to obtain spatial symmetry map. In [19],
sobel operator is used to obtain edge map. In [20], the symmetry operator is applied to optical ﬂow to get
symmetry maps. Further Fourier descriptor is obtained as gait signature from averaged symmetry maps.
Since past decade, most of the model free approaches use gait energy image (GEI) suggested by [21]. Bashir
et al [22] developed supervised and unsupervised feature selection methods using GEI representation of gait
sequences. Wrapper algorithm used in supervised feature selection and unsupervised feature selection includes
computation of standard deviation of GEI intensity values at all the pixel locations across GEI templates. In
[23], Gait Entropy Image (GEnI) is computed by calculating Shanon entropy for each pixel in silhouette
image. The GEnI captures motion information and therefore robust to co-variate conditions. The method in
[24], which is without subject cooperation, use GEnI representation for recognition of person in different covariate conditions in which the probe and gallery set are the mix of all co-variates. Whereas, [25] extract
features like; Motion Direction Image (MDI) and Motion Intensity Image (MII) through optical ﬂow ﬁelds for
person recognition. In [26], Conditional Sorting Local Binary Pattern (CS-LBP) is used to extract different
blend direction images from GEI. Further, they calculate recognition ability, which is the ratio of between
class distance and within class distance of these blend features for eight sorting directions. They fuse these
features to form an augmented feature which further used for recognition. In a recent GEI based method [27],
horizontal motion estimated by computing Shanon entropy of each row of GEI. Further, group Lasso learning
algorithm is used to segment the motion based vector into blocks of similar motion values. The body part,
which has highest average motion vector value is selected as a feature vector.
For model free gait recognition approach, GEI has been proved as a simple and effective representation. It
performs well for non-covariate conditions well and sensitive to co-variate factors like clothing and carrying
conditions. To overcome these problems, variants of GEI have been presented such as; Enhanced GEI, Active
Energy Image, Gait Entropy Image etc. Still their average recognition rates are not promising. This is might
be because of inclusion of some body parts which contribute negative recognition ability. To remove such
body parts Pratheepan et al [28], [29] used Poisson Random Walking technique. Similar approach is presented
by [30], in which the whole human body (GEnI) is divided into small parts having size of a single row. They
computed rank 1 recognition rate from bottom row upto top row by merging immediate upper row into last
row. Using this method they identiﬁed body parts which has negative contribution in recognition. Such body
parts excluded or removed and only the body parts with positive contribution are used for overall recognition.
Recently Xu [31] and Li [32] presented different variants of GEI in the regard of co-variates like clothing and
speed. In [32], Gait Energy Response Function (GERF) is used which is eigen vector corresponding to largest
eigen value. It transforms an original GEI into more discriminative form under cloth co-variate condition.
Whereas, [31] transform GEI into Single Support GEI (SSGEI) representation. The SSGEI further convolved
with Gabor Filter. All the Gabor ﬁltered images are then aligned to represent the ﬁnal gait feature under speed
co-variate condition.
In [3], Procrustes Shape Analysis is used to represent gait signature, which is obtained by extracting mean
shape of unwrapped silhouette. Whereas, [4] is a 3D approach for gait recognition, which construct 3D
silhouette vector of 2D scene by using stereo vision method. In a recent work [6], complete canonical
correlation analysis is used to compute correlation between two GEI features. In another recent paper [5],
author extract different width vectors and combined them to construct gait signature. This feature then
approximated by RBF network for recognition.
Model Based Approach: In the model based approach, the human walking mechanism is modeled by some
mathematical or kinematical model such as pendulum, ellipse etc. The model parameters are extracted to
represent human shape and motion. Hence, gait models can either shape model or motion model. The
advantage of model based approach is it can handle occlusion quite well. It is also scale and rotation invariant
as opposed to model free approach.
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An initial model based attempt for gait recognition in spatio-temporal (XYT) volume is done by
Niyogi and Adelson [7]. First, they found the bounding contours of the walker by ﬁtting it with snakes. A
simpliﬁed 5-stick model which is controlled by these contours then used. A characteristic gait pattern in XYT
is generated from the model parameters like angle signals from the complete sequence for recognition.
The method presented in [8], combine several features like area, gravity centre and orientation. Here,
they calculate similarity distance of each feature separately and then different normalized distances combined
together to obtain total distance. Whereas, [9] modeled gait cycle as a chain of key poses and extracted pose
energy image feature. The key poses were estimated by K-means clustering of all the PCA transformed
silhouettes across gait cycle. The state transition model is used to form the chain of estimated key poses.
In [33], the bulk motion, shape and articulated motion estimation was done by gait motion model
adaptation. Motion compensated temporal accumulation algorithm is used to determine the bulk motion. They
modeled head, torso by ellipse and legs by line segments. Modeling the gait by Fourier series has been proved
as most successful [34, 35, 36, 37]. In [34, 35], ﬁrst the various joint angles are estimated and then view
normalization is done for any arbitrary view angle into saggital plane. The motion information is derived by
using Elliptic Fourier Descriptors. In [36] the leg is modeled as two pendula joined in series which exhibit
oscillatory behavior. The gait signature is obtained from phase weighted magnitude of the lower order Fourier
components of thigh and knee rotation. Yoo et al [38, 39, 40] used a 2D-stick model to represent human. They
used trigonometric polynomial interpolant functions to analyze the periodic motion of human. Various body
points such as; hip, knee, thigh are estimated using anatomical measurements. The joint angles of such body
points then computed for obtaining kinematic information.
Recent development in model based gait recognition emphasizes modeling the multi-view gait
sequences by using view normalization techniques. Worapan et al [41, 42, 43, 44] use View Transformation
Model (VTM) to normalize probe and gallery view in the same direction. The method presented in [41] is
SVD based VTM approach and [42] is SVR based. The problem like data redundancy in earlier methods
improved in [43]. Whereas, [44] uses MLP to construct VTM model for multi-view and cross-view gait
recognition.
Fusion Approach: Either static or dynamic feature alone can perform well for recognition but with some
limitations. While dealing with static features, one cannot analyze dynamic features and vice-verse. Extracting
both features simultaneously improve the recognition rate on the cost of increased computational complex
ity. Various approaches are proposed in this regard, which extract static and dynamic features simultaneously,
either fusing model free and model based approaches [45, 12, 46, 47, 48] or fusing various features into a
single augmented feature vector [49, 50, 51, 52].
In [49], gait energy image and motion energy images are combined to form feature vector, whereas in
[50], the static silhouette template (SST) and dynamic silhouette template (DST) are fused to construct
dynamic static silhouette template (DSST). The position of the gravity center of human body may change
because of various co-variate factors as aforementioned. This problem is addressed by [51]. In this paper,
authors divides the GEI transformed image into three body parts like; head, torso and leg. Further, they
compute shifted energy image (SEI) features which are horizontal centers of body parts. Next, gait structural
proﬁle (GSP) extracted to capture body geometry. For this, silhouette segmented into four body parts as per
the anatomical measurements like; head, torso, left and right leg. The GSP, which is the deference of gravity
center of these segmented body parts and entire body is computed. These two features then used in
combination for recognition. In [52], two distinct features namely frieze pattern, which preserves spatial
information and wavelet coefficients, which preserves low frequency information are extracted. Factorial
HMM is used to combine these features and parallel HMM facilitate decision level fusion of two individual
classiﬁers for recognition. All these approaches signify that, the fusion of multiple gait features improves the
recognition system performance.
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There are certain methods, which explore static and dynamic characteristics of the human body. They
fuse static and dynamic features for improvement in performance of gait recognition system. In [45], features
like; centroid, armswing, stride length, mean height were extracted from the binary silhouette. Further, they ﬁt
ellipse on each region and compute it’s aspect ratio and orientation. These features then combined and
transformed by DCT and applied to generalized regression neural network for recognition. Whereas in [12],
mean shape extracted by using Procrustes Shape Analysis as a static feature. The dynamic features extracted
by modeling human body parts by truncated cone, head by sphere and computing joint angles of this model. A
human skeleton model is adopted in [46] to extract dynamic features and computing various angles of key
body points. The static feature denoted by wavelet descriptor, which is obtained by applying wavelet
transform to the boundary-centroid distance.
In [53], HMMs are used to extract static and dynamic gait features, without using any human body
model. The static features extracted by conventional HMM and dynamic features by hierarchical HMM. After
labeling, they extract three features namely; component area, component center and component orientation.
First HMM represents general shape information while the second HMM extracts detailed sub-dynamic
information. Whereas in [54], Local Binary Pattern is used to denote the texture information of optical ﬂow as
the static feature. Dynamic feature represented by HMM with Gaussian mixture model. In [47], the GEI
transformed by dual tree complex wavelet transform (DTCWT) with deferent scales and orientations. A two
stage Gaussian mixture model denote the patch distribution of each DTCWT based gait image. Further, to
model the correlation of multi-view gait feature, a sparse local discriminant canonical correlation model is
used. In a recent paper [48], the dynamic feature extracted by Lucas-Kanade based optical ﬂow image. The
mean shape of head and shoulder then extracted by using Procrustes Shape Analysis, which is the static
feature. The fusion is done on score level.
It has been noted that not all the aforementioned methods adopt human body model such as skeleton
to extract dynamic features. Most often, authors prefer mathematical modeling, as it is efficient to extract
deferent kinds of features and also facilitate lower computational complexity.
View-Invariant Approach: The view-invariant gait identiﬁcation is relatively new approach. The most
desirable property of this approach is to identify test subject walking at any arbitrary view angle. It uses either
any one of two or both approaches as discussed before. i. e. model free or model based. In [55], a viewpoint
independent method is proposed which require single camera without calibration and prior knowledge of
subject/person pose. The test subject is identiﬁed by projecting the limb motion of subject which is walking at
arbitrary view angle onto the lateral/side-view plane. First, they do marker less joint estimation followed by
reconstruction method for viewpoint rectiﬁcation. In [56], author has proposed a joint subspace learning
method for view-invariant gait recognition. First, radon transform based energy images of sequences extracted
and further they perform canonical correlation analysis to get representation coefficients, which they use as
view-invariant features. Next, they obtain prototypes of various views by using PCA. The samples of different
views represented as linear combination of these prototypes and then extract the coefficients which further
used for recognition. Whereas in [57], author extract a gait texture image which preserve gait information of a
particular view angle. Further, they apply transform invariant low rank textures to project gait information of
arbitrary view on to sagittal plane. In a recent paper [48], gait ﬂow image extracted by Lukas-Kanade method
as dynamic feature, head and shoulder mean shape by Procrustes shape analysis as static feature. In
identiﬁcation phase, they compute view angle or walking direction of test subject along with the static and
dynamic features. A simple Euclidean distance classiﬁer is used to ﬁnd similarity measure between test and
gallery images.
CONCLUSION
Gait is behavioral characteristic that possess individual deference formed in course of human growth. Gait is
all external appearance that consists of human body structure, motion regulating system, behavioral and
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psychological activities when person is walking. Compared with other biometrics, Gait requires no object
contact and is measured at a distance. Hence, it is applied to passive vision surveillance scenario such as
ranks, airports and military departments. However, gait is affected by various physiological, psychological
and external factors such as footwear, clothing, surface of walking, mood, illness, fatigue, and so on.
Considerable work has been done in human gait recognition, still there are many challenges and scope to
improve the system performance. Investigation is needed regarding various features which vary with
individual. Correct classiﬁcation rate is always being a problem with any biometric system. In gait recognition
covariate factors can certainly bring down the recognition performance. Efficient methods to remove covariate
factors and best discrimination among classes are required. Recognition rate for outdoor video data is low as
compared to indoor video data and hence signiﬁcant efforts have to be made on robust segmentation in case of
outdoor video data. Development of more ﬂexible model based method to solve the conﬂicts between model
complexity and model descriptive capability is required. Though model free approaches are more feasible than
model based, fusion of model based and model free approaches can yields better results because of increased
feature space and capability to ﬁt model for feature extraction. Most of the work that have been reported in the
literature is mainly concentrated on recognizing subject which makes a ﬁxed angle with the camera, but the
more efforts have to be made to develop the system which will recognize subject from the information
obtained from multi - view angles.
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