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Abstract: Gait recognition has emerged as an attractive biometric technology for the identification of people by analysing the
way they walk. However, one of the main challenges of the technology is to address the effects of inherent various intra-class
variations caused by covariate factors such as clothing, carrying conditions, and view angle that adversely affect the recognition
performance. The main aim of this survey is to provide a comprehensive overview of existing robust gait recognition methods.
This is intended to provide researchers with state of the art approaches in order to help advance the research topic through an
understanding of basic taxonomies, comparisons, and summaries of the state-of-the-art performances on several widely used
gait recognition datasets.

1 Introduction
Recently, a large number of surveillance cameras have been
deployed in public areas and significant research efforts have been
proposed to develop smart systems capable to capture and analyse
visual data in order to extract information relating to suspicious
human behaviour and identity. Gait is one of the most suitable
behavioural biometric modalities for recognising people especially
for video telesurveillance applications [1]. For example, in
monitoring scenarios, subjects are usually captured at a distance
from the cameras, thus making large part of physiological
biometric characteristics not appropriate. The main limitations
relate to the viewing angle variations and occlusions which
inherently result in the difficulty to capture the whole biometric
features. Consequently, physiological traits cannot provide
acceptable performances in practical situations. On the other hand,
gait, as a behavioural biometric modality, includes individual
appearance (i.e. limb and leg length) and dynamic information of
the person's walk. Compared to other physiological biometric
modalities such as speech, gait can be captured at a distance while
still being difficult to imitate or circumvent.

Gait can be defined as the coordinated, cyclic combination of
the movements resulting in human locomotion. The coordination
and the cyclic nature of the motion make a person's gait unique.
Gait recognition can be carried out by extracting some salient
properties relating to the coordinated cyclic motions that result in
human locomotion. Unfortunately, despite the advantages of gait
recognition, it has also some limitations. For examle, it has been
demonstrated that gait recognition performances are drastically
influenced by different covariates (i.e. intra-class variations)
related to the subject itself, such as clothing and carrying

conditions; or related to the environment such as view angle
variations, walking surface, occlusions, shadows, and segmentation
errors [2–4]. Fig. 1 shows an example of intra-class distortions
caused by clothing variations of the same subject recorded at
instants t and t + 1. 

A considerable amount of interesting reviews related to gait
recognition has been proposed [5–11]. However, to the best of our
knowledge, none of these surveys paid a particular attention to
robust gait recognition dealing with intra-class variations caused by
various conditions. This paper aims to give comprehensive survey
of recent works on robust gait recognition. The remaining part of
this paper is organised as follows. Section 2 summarises the main
steps of a gait recognition system. Section 3 explains the model-
based approach. Section 4 presents a model-free approach. Section
5 details robust cloth, view angle, and occlusion gait recognition
approaches. Section 6 focuses on the main available gait
recognition datasets, related state-of-the-art results, and
discussions. Finally, Section 7 concludes the paper.

2 Gait recognition systems
Independently of any adopted approach, a gait recognition system
consists of three main steps: feature extraction, representation, and
classification. While a large variety of features have been proposed
by the research community (and which will be introduced later in
this survey), the feature representation and classification steps will
be discussed in this paper.

2.1 Feature representation

The performance of any recognition system heavily depends on
finding a good and suitable feature representation space. However,
finding such a suitable representation adapted for data
classification is a challenging problem which has taken a huge
interest by the machine learning community. Among the existing
state-of-the-art feature representation techniques, dimensionality
reduction and especially principal component analysis (PCA),
linear discriminant analysis (LDA), as well as their combination
which have shown their efficiency in tackling the gait recognition
problem are widely used.

• Given n d -dimensional samples {xi}i = 1
n  in matrix X ∈ ℝd × n and

a dimensionality choice r < d, PCA is an unsupervised linear
dimensionality reduction technique formulated as the

Fig. 1  Example of intra-class variations caused by clothing variations of
the same subject recorded at instant t and t + 1. Image c is the difference of
a and b
(a) Instant t, (b) Instant t + 1, (c) Intra-class
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minimisation of the residual errors between the original and the
projected data

min
M ∈ ℝd × r

∥ X − MMTX ∥F
2 s . t MTM = I (1)

where ∥ ⋅ ∥F is the Frobenius norm and I is the identity matrix.
The solution M corresponds to the r leading principal
eigenvectors of XXT and we get the projection matrix P = MT.

• LDA is a supervised technique which aims to project the data
into a lower subspace where the data from different classes are
well separated. In other words, the LDA seeks to minimise the
intra-class variations and to maximise the between class
variations

max
M ∈ ℝd × r

tr(MTΣBM)
tr(MTΣWM)

s . t MTM = I (2)

where ΣW and ΣB represent the within and between class scatter,
respectively, and tr stands the matrix trace.

2.2 Classification

It can be seen in the gait recognition literature that nearest-
neighbour (NN) and support vector machine (SVM) have been
widely and successfully used.

• NN achieves good performance, without a priori assumption
about the training data distribution. A new sample is assigned to
the class label of the training sample with the lowest distance.

• Let us define ℋ a Hilbert space induced by the kernel k( . , . ).
The decision function of a binary SVM problem is given by
h(a) = h0(a) + b with h0 ∈ ℋ, b ∈ ℝ and ∥ h ∥ℋ

2 = ∥ h0 ∥ℋ
2

and is obtained as the solution of [12]

min
h0, b

1
2 ∥ h ∥ℋ

2 + Csvm ∑
n = 1

N
ξn

s . t ynh(an) ≥ 1 − ξn, ξn ≥ 0 ∀n = 1, …, N
(3)

where {(an, yn) ∈ A × { − 1, + 1}}n = 1
N  are the labelled training

samples. ξn and Csvm represent slack variables and tuning
parameter. To solve our C-class problem one-against-all strategy
is mainly applied. It consists of constructing C binary SVM,
each one separates a class from all the rest.

3 Model-based gait recognition
In model-based approaches, the feature representatives of a gait are
derived from a known structure or fitted model which mimics the
human skeleton. Consequently, model-based approaches are based
on prior knowledge and often require both a structural and a
motion model to capture both static and dynamic information of
the gait. The structural models describe the body topology of a
person such as stride length, height, hip, torso, and knee. This can
be made up of primitive shapes (cylinders, cones, and blobs), stick
figures, or arbitrary shapes describing the edge of these body-parts.
In the other side, a motion model attempts to describe the dynamics
of the motion of each body-part (see Fig. 2). 

Existing works in model-based approaches can be broadly
divided into two types: those based on the estimation of the body
parameters (length, width, cadence etc.) directly from the raw
videos and those trying to fit a model to capture the evolution of
these parameters over time. In the body parameters estimation
approach, Bobick and Johnson [16] proposed to recover static body
and stride parameters of a subject's body. Tanawongsuwan and
Bobick [17] used the trajectories of joint angles from the body
motion. BenAbdelkader et al. [18] extracted stride and cadence
characteristics of the walking person. Boulgouris and Chi [19]
proposed to separate the human body into different components in
order to describe the similarity between silhouettes with respect to

a certain body component. Cunado et al. [20] obtained the angular
information during the walking process from the upper leg using
Fourier series. Zeng et al. [21] exploited the lower limb joint
angles of the side silhouette to characterise the dynamic gait part.
Bouchrika et al. [22] described a subject's angular motion for both
the knee and hip at different phases of the gait cycle. Yeoh et al.
[23] extracted five joint angular trajectories. Khamsemanan et al.
[24] exploited the posture-based features. Recently, Deng et al.
[25] combined both spatio-temporal and kinematic features.

In the case of fitting model approaches, Lee and Grimson [26]
exploited the appearance and dynamic traits of gait by analysing
the parameters of fitted ellipses to regions of a subject's silhouette.
Dockstader et al. [27] defined a 3D model to extract various joint
angles. Wang et al. [15] modelled human body as 14 rigid parts
connected to one another at the joints. Zhang et al. [28] introduced
a non-rigid 2D body contour using a Bayesian graphical model
whose nodes correspond to point positions along the contour.
Zhang et al. [29] suggested a five-link biped human locomotion
model to allow for the extraction of the joint position trajectories.
Lu et al. [30] adopted a full-body layered deformable model to
capture information from the silhouette of a walking subject.
Ariyanto and Nixon [31] introduced a new 3D model approach
using a marionette and mass-spring model. Yoo et al. [32]
proposed to extract nine coordinates from the human body contours
using human anatomical knowledge in order to build a 2D model.
Tafazzoli and Safabakhsh [33] combined active contour models
and Hough transform to model the movements of the articulated
parts of the body. Table 1 summarises the captured features as well
as the classifiers of the aforementioned model-based techniques. 

Model-based methods seem to be a very attractive concept and
are promising since they have the ability to deal with the various
intra-class variations caused by different covariates such as
clothing, carrying, and view angle which affect the subjects
appearance. However, the complexity of the models and the
extraction of their components from the video stream is not a trivial
task. Consequently, model-based techniques are preferred in
practical applications.

4 Model-free gait recognition
Model-free approaches, which can be seen as image measurement
methods, exploit the moving shape of the subject to derive the gait
characteristics. Therefore, they do not require to rebuild a model of
human walking steps. Recently, a number of feature types have
been introduced in the context of model-free gait recognition. The
features can either be solely based on the moving shape (i.e. no
prior shape information is explicitly taken into consideration) or
integrated in the shape aspect within the feature representation.
Model-free features are categorised as temporal and spatial.
However, they can be further organised into four sub-categories:
contours, silhouettes, energy, and depth.

• Contours: they have low computational cost but suffer from
intra-class variations. Symmetry operators introduced by
Hayfron Acquah et al. [1] are an example of gait recognition-
based contour features which are able to form a robust feature
representation from a few training samples.

• Silhouettes: a whole silhouette is taken into consideration per
subject. This can be advantageous because the errors of

Fig. 2  Example of body models
(a) Nixon et al. [13], (b) Wagg et al. [14], (c) Wang et al. [15]
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silhouette segmentation are avoided. An example of gait
recognition based on person silhouette is the self-similarity
method based on the silhouettes correlation introduced by
BenAbdelkader et al. [34].

• Energy: energy features attempt to extract the spatial and
temporal information of the gait using a single and robust
signature. The average image representation along a gait cycle is
a good example [35]. In the following, we review the main
works in the context of model-free approach.

• Depth: instead of using solely colour images, some works tried
to exploit depth information based on devices such as Microsoft
Kinect [36–38] in order to capture 3D dynamic features.
Motivated by its ability to infer the motion of different body-
parts, depth features have been combined with other types of
features such as colour for more accurate gait recognition [39].

Early on, researchers were more focused on features based on
silhouettes and contours [40]. Kale et al. [41] utilised the contour
width of binarised silhouettes and an entire binary silhouette, too.
Liu and Sarkar [42] trained a hidden Markov model (HMM) using
manually extracted silhouettes. Kale et al. [43] combined the outer
contour width of binarised silhouettes with HMMs. Collins et al.
[44] matched 2D silhouettes extracted from key frames based on
correlation. Wang et al. [45] introduced a gait signature called
‘eigenshape’ using Procrustes analysis [46]. The similarity between
signatures is measured by Procrustes mean shape distance. Lee et
al. [47] suggested a shape variation-based frieze pattern signature
to capture both horizontal and vertical motion of the walking
subject over time. For the recognition phase, a cost function for
matching is adopted. Hayfron Acquah et al. [1] analysed the
human motion symmetry. Discrete Fourier Transform of the
signature and NN were adopted for classification. Choudhury and
Tjahjadi [48] captured the spatio-temporal shape and dynamic
motion information. The matching was carried out through phase-
weighted magnitude spectra. Zeng et al. [49] approximated the gait
dynamics using radial basis function (RBF) networks. Zhang et al.
[50] represented the extracted silhouettes using sparse and
discriminative tensor to vector. Ioannidis et al. [37] assigned depth
data to the binary silhouettes to enhance accuracy. Lam et al. [51]
presented static silhouette templates representation to extract both
the dynamic and static information. Choudhury and Tjahjadi [52]
extracted the features from the silhouette contours using Procrustes
shape analysis. Lee et al. [53] introduced a novel Fourier
descriptor-based gait modelling using the periodic deformation of
contours. Deng et al. [54] combined silhouette features via
deterministic learning. Bengua et al. [55] introduced a matrix
product state decomposition to compress multidimensional

silhouette data represented by higher-order tensors. Tsuji et al. [56]
proposed a silhouette transformation method. Recently El-Alfy et
al. [57] encoded both body shapes and boundary curvatures into a
novel feature descriptor named normal distance map.

On the other side, some works tried to find an efficient and
suitable representation spaces for the extracted features (for both
contours and silhouettes) based on supervised and unsupervised
representation learning techniques. For example, Wang et al. [58]
combined 1D normalised distance with PCA in order to reduce the
resulting high dimensionality of the feature vectors. Benabdelkader
et al. [59] captured 3D information (XYT) of the patterns by
computing image self-similarity plot corresponding to the images
correlation. The combination of PCA and LDA with a NN strategy
was adopted for classification. Kobayashi and Otsu [60] extended
higher-order local auto-correlation [61] to obtain cubic higher-
order local auto-correlation. The classification was carried out
using LDA and NN. Lu and Zhang [62] extracted discriminative
features from the silhouettes based on Fourier and wavelet
descriptors. Independent component analysis with genetic fuzzy
SVM classifier was used for recognition. Lu et al. [63] applied
multilinear PCA combined with LDA to the extracted silhouettes.

Despite the good results of the contour/silhouette features, gait
energy image (GEI) representation suggested by Han and Bhanu
[4] seems to be more efficient. The technique is based on
computing the silhouettes average over a complete gait cycle. It
makes a good trade off between the computational complexity and
the recognition performance. For the recognition process, it was
initially combined with canonical discriminant analysis. It actually
corresponds to PCA followed by LDA combined with a NN. PCA
aims to retain the most representative information while
suppressing noise, whereas LDA tries to determine a set of features
that can best distinguish various objects. Following the work of Yu
et al. [3] which applied a template matching on GEIs, a
considerable amount of works in the literature tried to find a good
and suitable feature representation space for classification.
Motivated by the problem caused by the vectorisation of the
feature vectors when using conventional dimensionality reduction
techniques which leads to under sample problem, tensor-based
dimension reduction methods have been introduced. Xu et al. [64]
adopted two supervised and unsupervised subspace learning
methods: coupled subspaces analysis (CSA) and discriminant
analysis with tensor representation (DATER) in order to efficiently
represent GEIs. Tao et al. [65] used Gabor filters to extract
discriminative features from GEI templates. general tensor
discriminant analysis (GTDA) is applied instead of the PCA
technique. Influenced also by the advantages of tensor-based
dimensionality reduction, Xu et al. [66] presented an extension of

Table 1 Overview of model-based methods (features and classifiers)
Method Features Classification
• Bobick and Johnson [16] length, width, stride NN
• Tanawongsuwan and Bobick [17] joint-angle trajectories NN
• Benabdelkader et al. [18] stride, cadence Bayesian
• Cunado et al. [20] motion upper leg NN
• Boulgouris and Chi [19] body components metric-based body-parts
• Zeng et al. [21] lower limb joint angles RBF neutral network
• Bouchrika et al. [22] angular motion of knee and hip NN
• Yeoh et al. [23] five joint angular trajectories SVM
• Deng et al. [25] width, joint-angle trajectories NN
• Khamsemanan et al. [24] posture features NN
• Lee and Grimson [26] parameters of fitted ellipse model SVM
• Dockstader et al. [27] various joint angles NN
• Wang et al. [15] rigid model (joint angles) NN
• Zhang et al. [28] non-rigid model (deformations) chain-like model
• Zhang et al. [29] 5-link model (joint-trajectories) hidden Markov models
• Lu et al. [30] deformable model (orientations) dynamic time warping
• Yoo et al. [32] 2D model (periodic motion) neural network
• Tafazzoli and Safabakhsh [33] anatomy model (arm movement) NN
• Ariyanto and Nixon [31] 3D model (motion) NN
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marginal Fisher analysis (MFA). Li et al. [67] defined a new
manifold learning technique named discriminant locally linear
embedding. Chen et al. [68] introduced a tensor-based Riemannian
manifold distance-approximating projection (TRIMAP). Huang et
al. [69] introduced an image-to-class distance for comparison.
Zhang et al. [70] combined super resolution (SR) algorithm with
multilinear tensor-based learning without tuning parameters (MTP)
to tackle the problem of low resolution GEIs. Xu et al. [71]
combined the local augmented Gabor GEI features with locality-
constrained group sparse representation (LGSR). Lai et al. [72]
introduced a matrix-based sparse bilinear discriminant analysis
(SBDA) to explore the more powerful discriminant subspaces. Lu
et al. [73] exploited discriminative information by proposing a
sparse reconstruction-based metric learning (SRML) metric to
minimise and maximise intra- and inter- class sparse reconstruction
errors, respectively. Martin and Xiang [74], introduced a bipartite
ranking algorithm for improved generalisation of unseen gait
scenarios. Lishani et al. [75] extracted Haralick features which are
fed to a non-linear SVM classifier. Guan et al. [76] introduced an
efficient ensemble classifier method. Xing et al. [77] introduced
complete canonical correlation analysis (C3A) to tackle the
drawbacks of canonical correlation analysis (CCA). Rida et al. [78]
applied statistical dependency (SD) feature selection followed by
globality-locality preserving projections (GLPP). Lishani et al. [79]
extracted features from GEIs using a bank of Gabor filters, then the
resulting features were combined with spectral regression Kernel
discriminant analysis (SRKDA). Wang et al. [80] projected the
GEI Gabor wavelet features in a new subspace using 2DPCA. Ma
et al. [81] tried to find a discriminative low-dimensional subspace
based on tensor subspace ensemble learning totally corrective
boosting (TSEL_TCB) as well as its kerneled version KSEL_TCB
[82]. Ben et al. [83] presented a novel non-linear coupled
mappings (NCMs) for low resolution GEI-based recognition. Chen
and Xu [84] introduced sparse coding multi-view hypergraph
learning re-ranking (SCMHLRR) for the uncooperative setting.
Lee et al. [85] adopted a probabilistic SVM. Recently, Chhatrala et
al. [86] introduced sparse multilinear Laplacian discriminant
analysis (SMLDA). Table 2 summarises the different features,
transformations and classifiers for GEI-based gait recognition
techniques. 

5 Robust model-free gait recognition

Despite its attractive performances, the GEI images including
features extracted from model-free suffer from intra-class
variations caused by different covariates such as clothing
conditions, carrying, and view angle variations which drastically
influence the recognition performances. Silhouettes segmentation
and view angle variations represent further causes of the
recognition errors [2–4].

5.1 Clothing robust

People wear different clothes depending on days and seasons.
Unfortunately, the intra-class distortions of the static features
caused by the variations of clothing can significantly affect the
accuracy of the recognition process. Matovski et al. [2] have
shown that clothing variations are the main factor that drastically
affects the performance accuracy. Thus, this makes sense to reduce
the effect of clothing distortions in order to improve the
performances. To overcome these limitations resulting from
clothing variations, several approaches have been proposed. They
can be broadly divided in two groups: the first one aims to improve
GEIs by selecting the discriminative gait parts while the second
introduces feature representations based on GEI gaps.

5.1.1 Gait parts feature-based representations: In this
approach, the methods attempt to use some body-parts in order to
perform the recognition. Depending on the employed segmentation
and selection method, the techniques can be organised into four
sub-categories: anatomical-based, self-defined, learning-based, and
cloth-based methods (see Table 3). 

• Anatomical-based methods seek to segment the body into
different parts according to anatomical properties of the human
body [112]. Examples of this type of methods are described in
[87, 89–91]. This approach is easy to implement, however, the
segmentation proportions are anatomical-based and cannot be
modified for different clothing length, leading to lower accuracy
in case of some specific clothes.

• Self-defined methods select a few hand-crafted body-parts based
on human knowledge. The selected parts are presumed to be
robust to clothing variations. Li and Chen [92] used the head
and feet to construct GEIs. Gabriel et al. [94] selected only the
lower part of the human body. Lishani et al. [97] proposed to

Table 2 Overview of GEI-based methods (features, transformations, and classifiers)
Reference Features Transformation Classification
• Han and Bhanu [4] GEI PCA + LDA NN
• Yu et al. [3] GEI — NN
• Xu et al. [64] GEI CSA + DATER NN
• Tao et al. [65] GEI + Gabor GTDA + LDA NN
• Xu et al. [66] GEI MFA NN
• Chen et al. [68] GEI + Gabor TRIMAP NN
• Huang et al. [69] GEI + Gabor — image-to-class distance
• Zhang et al. [70] GEI SR + MTP NN
• Xu et al. [71] GEI + Augmented Gabor — LGSR
• Lai et al. [72] GEI SBDA NN
• Lu et al. [73] GEI SRML NN
• Martin et al. [74] GEI Transfer learning (RankSVM) SVM
• Lishani et al. [75] GEI + Haralick Gaussian SVM
• Guan et al. [76] GEI RSM (2DPCA + 2DLDA) NN
• Xing et al. [77] GEI C3A NN
• Rida et al. [78] GEI SD + GLPP NN
• Lishani et al. [79] GEI + Gabor SRKDA SVM
• Wang et al. [80] GEI + Gabor wavelets 2DPCA SVM
• Ma et al. [81] GEI TSEL_TCB NN
• Ma et al. [82] GEI KSEL_TCB NN
• Ben et al. [83] Low resolution GEI NCMs NN
• Chen and Xu [84] GEI SCMHLRR ranking
• Chhatrala et al. [86] GEI SMLDA LGSR
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divide GEI into horizontal and vertical equal parts and then the
best region of interest is selected. Nandy et al. [96] proposed to
decompose a GEI into vertical and horizontal independent
structural segments. Iwashita et al. [93] divided GEI into
multiple areas according to their invariance to appearance
changes. Islam et al. [95] divided the human body into very
small windows. Unfortunately, such type of methods fails to
predict all possible cases of clothing variations in more
complicated real application scenarios.

• Learning-based methods seek to find discriminative body-parts
based on machine learning techniques. Feature selection and
especially wrapper approaches have received a special interest
from the research community. Starting from the original feature
set, all possible feature subsets obtained by search algorithms
are evaluated. The prediction performance serves as a selection
criterion, and the subset that performs the best is retained.
Different techniques have been used including NN [98, 100–
102] and modified phase only correlation [104]. In addition to
previous techniques, random forest rank features [99], group
fused Lasso [105, 106, 113], SD [78], gini impurity [107, 108],
and genetic algorithm [109] have been also investigated.
Another trend is to estimate the position of covariates in order to
remove them. Whytock et al. [103] proposed a novel bolt-on
module enabling to improve the robustness using various single
compact 2D gait representations including GEI. Recently,
Ghebleh and Ebrahimi [110] introduced an adaptive outlier
detection method to address the effects of clothing issue.
Learning methods are robust and able to achieve good accuracy.
However, they have high computation cost and need a
considerable amount of gallery data in various conditions in
order to learn the body-parts.

• Cloth-based methods attempt to segment the body into parts
based on the cloth characteristics. Liang et al. [111] proposed a
golden ratio segmentation method which has shown very
promising results in case of clothing variations. However, the
method strongly depends on cloth and may not cope with the
intra-class variations caused by other conditions.

5.1.2 Clothing robust feature representations: In order to
mitigate the effects of clothing variations in model-free features
and especially GEIs, several variations of GEIs have been

proposed. Liu and Zheng [114] introduced motion history image
representation which is able to capture dynamic gait characteristics.
Ma et al. [115] suggested gait moment image which represents the
probability of an image at each key frame. Yang et al. [116] used a
variation analysis to obtain GEI regions which allow to better
reflect the walking manner. Chen et al. [117] introduced a robust
representation called frame difference energy image capable to
preserve the kinetic information. Bashir et al. [118] suggested gait
flow fields approach using a weighted sum of the optical flow.
While existing works are focused on casual clothes, Shanableh et
al. [119] proposed an accumulated prediction image suitable for
both casual and Gulf clothes. Bashir et al. [120] introduced gait
entropy image by calculating the entropy of each pixel. Wang et al.
[121, 122] proposed a temporal template called chrono-gait image
(CGI). Zhang et al. [123] adopted Active energy image focusing on
dynamic regions by extracting the active regions of a gait
sequence. Lam et al. [124] determined the optical flow field
between two consecutive silhouettes in order to obtain gait flow
image. Roy et al. [125] extracted pose energy image features
corresponding to the average of all the silhouettes. Hofmann and
Rigoll [126] proposed to average the cycles over full gait cycles to
reduce the noise, then histogram of oriented gradient (HOG) is
applied in order to obtain gradient histogram energy image. Huang
and Boulgouris [127] adopted shifted energy image and gait
structural profile. Jeevan et al. [128] encoded the randomness of
the silhouette images using Pal and Pal entropy. Boulgouris and
Chen [129] introduced radon energy image. Lee et al. [130]
calculated the binomial distribution of every pixel in order to
obtain gait probability image. Kusakunniran [131, 132] detected
points of interest, then discriminative features are extracted based
on HOG and histogram of optical flow in the neighbourhood of
each detected point of interest. Arora and Srivastava [133]
proposed a gait period dependent image, which is calculated over a
gait cycle based on Gaussian membership function. Luo et al.
[134] suggested a new class energy image which can reflect the
time characteristics denoted as the accumulated frame difference
energy image. Al Tayyan et al. [135] introduced the concept of
accumulated flow image and edge-masked active energy image
able to produce distinctive features for classification. Lee et al.
[136] proposed a combination of spatio-temporal approach and
texture descriptors to extract discriminative gait features named

Table 3 Overview part-based clothing robust gait recognition
Reference Year Part-based methods
• Hossain et al. [87] 2010 anatomical properties
• Li et al. [88] 2010 anatomical properties
• Choudhury and Tjahjadi, [89] 2015 anatomical properties
• Verlekar et al. [90] 2017 anatomical properties
• Aggarwal and Vishwakarma [91] 2017 anatomical properties
• Li and Chen [92] 2013 self-defined
• Iwashita et al. [93] 2013 self-defined
• Gabriel et al. [94] 2013 self-defined
• Islam et al. [95] 2013 self-defined
• Nandy et al. [96] 2016 self-defined
• Lishani et al. [97] 2017 self-defined
• Bashir et al. [98] 2008 wrapper
• Dupuis et al. [99] 2013 random forest
• Rida et al. [100] 2014 wrapper
• Rida et al. [101] 2015 wrapper
• Rokanujjaman et al. [102] 2015 wrapper
• Whytock et al. [103] 2015 bolt-on module
• Rida et al. [104] 2016 wrapper
• Rida et al. [105, 106] 2016 group fused Lasso
• Rida et al. [78] 2016 SD
• Alotaibi and Mahmood [107, 108] 2016 Gini impurity
• Issac et al. [109] 2017 genetic algorithm
• Ghebleh and Ebrahimi [110] 2017 adaptive outlier detection
• Liang et al. [111] 2016 cloth proportion
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transient binary patterns. Lee et al. [137] applied HOG to time-
sliced averaged motion history image in order to extract
discriminative features. Arora et al. [138] proposed gait
information image with energy feature and gait information image
with sigmoid feature. Choudhury and Tjahjadi [139] computed the
average at each of the key-phases to obtain averaged gait key-
phase image. Atta et al. [140] presented a temporal template
approach based on lifting 5/3 wavelet filters named 5/3 gait image.
Mu and Tao [141] introduced a biologically inspired feature
representation called C1Gait using C1 units corresponding to the
complex cells in human visual cortex. Hu et al. [142] proposed
periodicity feature vector representation to better capture periodic
dynamic information. Chaurasia et al. [143] suggested a robust gait
feature representation called PRWDF GEI using the fusion of static
(not affected by intra-class variations) and dynamic parts of gait
information. Chhatrala and Jadhav [144] proposed Gabor cosine
features representation. Based on the previous idea of silhouettes
difference, Chen and Liu [145] suggested average gait differential
image representation. Verlekar et al. [146] presented the so called
sparse error gait image representation. Medikonda et al. [147]
introduced generalised new entropy representation. Hu et al. [148]
proposed an incremental representation based on optical flow
named LBP Flow. Liu et al. [149] generated multiple HOG
template by applying HOG to GEI and CGI. Arora et al. [150]
introduced a spatial-temporal representation called gradient
histogram Gaussian image. It should be also noted that gait was

combined with face in order to achieve higher accuracy [151–153].
Table 4 summarises the different features, transformations and
classifiers for cloth-robust gait representations. 

5.2 Viewing robust recognition

This section provides a review of research efforts carried out to
address the problems associated with the view changes in gait
recognition. The techniques dealing with view variations can be
broadly divided into five categories: view-transformation, view-
invariant subspace, view-invariant feature, view-angle estimation,
and 3D information.

• View-transformation methods seek to map the features from a
different view angles into a common one using view
transformation model (VTM). A large variety of transformation
models have been proposed through singular value
decomposition (SVD) matrix factorisation [154–158], regression
using support vector regression [159], elastic net [160], and
multilayer perceptron [161]. Muramatsu et al. [162] presented
an arbitrary VTM using a 3D gait volume. In the same context,
Muramatsu et al. [163] proposed a generative approach which is
a VTM-based method using transformation consistency
measures (TCM+).

• View-invariant subspace methods aim to find a transformation
that maps the original gait features into a subspace (usually of
lower-dimension) in order to obtain view-invariant features.

Table 4 Overview of clothing robust representations for gait recognition (features, transformations, and classifiers)
Reference Year Features Transformation Classification
• Boulgouris and Chen [129] 2007 radon energy image LDA NN
• Liu and Zheng [114] 2007 motion history image LDA NN
• Ma et al. [115] 2007 gait moment image — NN
• Yang et al. [116] 2008 enhanced GEI discriminative common vectors NN
• Chen et al. [117] 2009 frame difference energy image — HMM
• Bashir et al. [118] 2009 gait flow fields PCA + LDA NN
• Shanableh et al. [119] 2009 accumulated prediction image — Polynomial networks
• Bashir et al. [120] 2010 GEI PCA + LDA NN
• Wang et al. [121, 122] 2010 CGI PCA + LDA NN
• Zhang et al. [123] 2010 active energy image 2DLPP NN
• Mu et al. [141] 2010 C1Gait discriminative locality alignment NN
• Lam et al. [124] 2011 gait flow image LDA NN
• Roy et al. [125] 2012 pose energy image PCA + LDA NN
• Hofmann and Rigoll [126] 2012 gradient histogram energy image PCA + LDA NN
• Huang et al. [127] 2012 shifted energy image + gait structural profile LDA NN
• Liu et al. [149] 2012 multiple HOG PCA + LDA NN
• Jeevan et al. [128] 2013 gait pal and pal entropy PCA SVM
• Hu et al. [148] 2013 LBP flow — HMM
• Lee et al. [130] 2014 gait probability image — minimum Kullback–Leibler
• Kusakunniran [131] 2014 histogram of optical flow + HOG — NN
• Kusakunniran [132] 2014 histogram of optical Flow + HOG — SVM
• Lee et al. [137] 2014 time-sliced averaged motion history image — majority voting
• Chen and Liu [145] 2014 gait differential image 2DPCA NN
• Arora and Srivastava [133] 2015 gait Gaussian image — NN
• Arora et al. [150] 2015 gradient histogram Gaussian image — NN
• Lee et al. [136] 2015 transient binary patterns — majority voting
• Luo et al. [134] 2015 accumulated frame difference energy image — NN
• Arora et al. [138] 2015 gait information image with energy feature/

sigmoid feature
— NN

• Choudhury and Tjahjadi [139] 2016 averaged gait key-phase image PCA rotation forest ensemble
• Chhatrala and Jandhav [144] 2016 Gabor cosine features MLDA LGSR
• Medikonda et al. [147] 2016 generalised new entropy — SVM
• Al et al. [135] 2017 accumulated flow image + edge-masked active

energy image
MPCA + LDA NN

• Atta et al. [140] 2017 5/3 gait image PCA NN
• Chaurasia et al. [143] 2017 PRWDF GEI PCA + generalised LDA NN
• Verlekar et al. [146] 2017 sparse error gait image — NN
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Huang and Boulgouris [164] constructed a shared space in
which different weights were assigned based on the importance
of views. Bashir et al. [165] adopted a CCA. Liu et al. [166]
proposed a joint subspace learning method with CCA and PCA.
Xu et al. [167] presented a coupled locality preserving
projections (CLPP) method. Hu [168] exploited regularised
local tensor discriminant analysis. Lu et al. [169] introduced a
supervised manifold learning algorithm called uncorrelated
discriminant simplex analysis (UDSA) in order to project gait
features extracted from different views into a low-dimensional
subspace. Hu [170] adopted uncorrelated multilinear sparse
local discriminant canonical correlation analysis
(UMSLDCCA). Al Mansur et al. [171] proposed to use multi-
view discriminant analysis (MvDA) and its tensor version
(MvDATER) [172]. Connie et al. [173, 174] exploited
Grassmann and Grassmann doubly-kernel manifold. Liu et al.
[175] attempted to exploit more efficiently the discriminative
information from these subspaces by applying marginal CCA.
Hur et al. [176] proposed to tackle the problem of view angle
variations using a manifold learning-based approach.

• View-invariant feature methods seek to extract invariant features
to view angle variations [177]. Jean et al. [178, 179] computed
invariant trajectories. Goffredo et al. [180] estimated joint
positions. Kusakunniran et al. [181] normalised the silhouettes
into a common canonical view. Zeng and Wang [182] combined
silhouette features representing gait dynamics and deterministic
learning theory. Castro et al. [183, 184] used motion descriptors
based on sampled trajectories.

• View-angle estimation methods consist of two main steps. The
first one estimates the pose of the query sample to find the
gallery samples with the similar pose. The second one identifies
the query subject among the gallery samples with the same pose.
Various pose estimation techniques have been used. For
example, Verlekar et al. [90] computed perceptual hash of leg
region combined with Hamming distance. Isaac et al. [109]
applied Bayes' rule to the selected gait part using a genetic
algorithm. Rida et al. applied NN to the discriminative selected
gait parts using group fused Lasso method. Dupuis et al. [99]
adopted a decision tree approach to the lower parts of GEI.
Choudhury and Tjahjadi [89] combined Entropy, 2DPCA and
NN to the lower body-part. Zhao et al. [185] employed
transformation invariant low-rank texture combined with
extreme learning machine.

• 3D information-based methods seek to extract discriminative
information incorporating 3D information from a set of cameras.
Bodor et al. [186] used captured video to build 3D view-
independent representation. Zhao et al. [187] used video
sequences captured by multiple cameras to build a 3D human
model. Zhang and Troje [188] adopted a 3D linear model. Tang
et al. [189] reconstructed a 3D parametric body to tackle large
view angle change. Luo et al. [190] proposed a 3D
reconstruction and virtual posture synthesis. Lopez-Fernandez et
al. [191] introduced a descriptor for the sequences of gait
volumes referred to as gait entropy volume which is robust to
viewpoint changes and unconstrained curved trajectories. In the
same context, Lopez-Fernandez et al. [192] presented a 3D
angular movement of the subject. The different approaches are
summarised in Table 5.

5.3 Occlusion robust recognition

Most approaches in the literature do not treat the quality problem
of silhouettes by assuming the absence of occlusions at the time of
capture of gait or by taking into consideration several cycles where
the non-occluded parts can compensate for the occluded ones.
However, in outdoor real-life applications occlusion is
omnipresent, for instance, several persons can be captured at the
same time leading to occlusions of the subjects. Another cause of
occlusion is the presence of non-living objects such as beams and
cars. This clearly shows the need to pay more research efforts to
tackle this problem. Among the few existing works, Roy et al.
[193] tried to find gait cycles containing occlusions and improve

the corresponding silhouettes using balanced Gaussian process
dynamical model. In the same context, Roy et al. [194] proposed a
model in order to detect the position of occlusions. Ortells et al.
[195] introduced a novel statistical method to tackle the problem of
corrupted silhouettes.

5.4 Towards feature learning approaches

A growing and intensive body of research has recently been
observed with the goal to develop end-to-end recognition systems
from feature extraction, representation, and classification using
deep learning concept. The approaches proceed by using raw data
as input features by stacking more than the usual two neural layers
of conventional artificial neural networks. In this new concept,
each low level layer encodes specific properties of the data as
primitives that are gradually combined by successive higher level
layers in order to produce representative and hopefully more
discriminative representations of the input data thus resulting in
much improved performances.

Among the deep learning models applied to gait recognition,
convolutional neural networks have been proposed to represent gait
with invariance property [196–198], deep Boltzman machine to
provide a generative model [199], bidirectional long short-term
memory to take into account the temporal information [200],
stacked progressive auto-encoders [201] and generative adversarial
networks [202] in order to learn invariant features. To be effective
deep models require a huge amount of data especially for the
training phase in order to provide much improved performances.
As such such models are seen to have complex structures requiring
significant computing power to attain higher performances.

6 Datasets, performances, and discussions
The availability of large and public datasets is essential for a
comparative study of the performances including a consistent
evaluation. A comprehensive review of the main free available gait
datasets for evaluation including the comparison of the state-of-
the-art performances arranged in order of publication year is given
in this section.

6.1 Datasets and performances

6.1.1 USF HumanID: USF HumanID is an outdoor dataset
[http://figment.csee.usf.edu/GaitBaseline/] [203]. It contains 122
subjects recorded under several covariates: viewpoints (left and
right), shoes (A and B), surfaces (grass and concrete), carrying
conditions (with and without briefcase), time (May and Nov), and
clothing. There are 12 evaluation experiments summarised in
Table 6. The main obtained results on USF database are shown in
Table 7. 

6.1.2 CASIA dataset B: CASIA dataset B is an indoor multi-
view dataset [http://www.cbsr.ia.ac.cn/english/Gait
%20Databases.asp] [3]. It is constructed to evaluate the ability of
the algorithms/methods to manage the carrying conditions, clothing
and view angles distortions. 124 subjects were recorded from 11
different view angles. Each subject is recorded six times under
normal conditions (NL), twice under carrying bag conditions, and
twice under clothing variation conditions (CL). The gallery
contains the first four normal sequences for each subject and
remaining one as used as a probe. The main results obtained using
this dataset are summarised in Table 8. 

6.1.3 OU-ISIR (dataset B): OU-ISIR (dataset B) was built to
study the effect of clothing [http://www.am.sanken.osaka-u.ac.jp/
BiometricDB/GaitTM.html] [87, 205]. 48 subjects were recorded
on a treadmill under 32 types of clothes listed in Table 9. The
gallery set contains subjects in normal clothes (type 9), whereas the
probe set contains subjects in the other 31 clothes types. Table 8
depicts state-of-art performances using this dataset. 

6.1.4 CMU motion of body (moBo): CMU Motion of Body
(MoBo) consists of 25 subjects [https://www.ri.cmu.edu/

20 IET Biom., 2019, Vol. 8 Iss. 1, pp. 14-28
© The Institution of Engineering and Technology 2018



publications/the-cmu-motion-of-body-mobo-database/] [206]. Each
one was recorded six times in four different conditions: slow/fast
walk, inclined walk, and slow walk holding a ball. The list of
experiments and accuracies are summarised in Tables 10 and 11,
respectively. 

6.2 Discussion

From the works described above, it can be seen that both CASIA B
and Human ID datasets have been widely used for the evaluation.
While very high and competitive accuracies have been obtained
using in the former, Human ID dataset still remains very

challenging. Therefore, more works are required to obtain superior
performances especially in the case of elapsed time which
potentially also includes several covariates such as clothing and
carrying condition.

It should be noted that the segmentation quality of data in
Human ID dataset is poor and needs improvement. Unfortunately,
model-free approaches performance strongly depends upon the
segmentation quality. Consequently, an interesting work to carry
out will be to improve the quality of extracted silhouettes using
advanced segmentation techniques. It can be noticed that low
performances have been obtained in the experiments 11 and 12
(Table 7). This is due to the elapsed time (6 months) between the

Table 5 Overview of view-invariant gait recognition techniques
Reference Year Characteristics Remarks
• Makihara et al. [154] 2006 VTM through SVD of frequency-domain features
• Kusakunniran et al. [155] 2009 VTM through SVD ( + ) robust cross-view capability
• Kusakunniran et al. [159] 2010 VTM using support vector regression (−) low accuracy in large view difference
• Zheng et al. [156] 2011 robust VTM using robust PCA ( + ) no complicated camera setup
• Muramatsu et al. [157] 2012 VTM through SVD (−) prior knowledge target view
• Kusakunniran et al. [161] 2012 VTM through multilayer perceptron
• Kusakunniran et al. [160] 2012 sparse regression VTM using elastic net
• Muramatsu et al. [162] 2015 VTM using 3D gait volume
• Muramatsu et al. [163] 2015 VTM-based with TCM + 
• Muramatsu et al. [158] 2016 incorporating quality measures to VTM
• Huang et al. [164] 2008 shared space with weighted views importance
• Bashir et al. [165] 2010 correlation-based CCA
• Lu et al. [169] 2010 UDSA
• Hur et al. [176] 2010 manifold learning
• Liu et al. [166] 2011 joint subspace learning (CCA + PCA) (−) accuracy affected by occlusion
• Liu et al. [175] 2013 marginal CCA ( + ) no complicated camera setup
• Hu [168] 2013 regularised locally tensor discriminant model (−) require good training data
• Hu et al. [170] 2014 UMSLDCCA ( + ) good accuracy in large databases
• Al Mansur et al. [171] 2014 MvDA
• Makihara et al. [172] 2015 multi-view DATER
• Connie et al. [173] 2016 Grassmann doubly-kernel
• Xu et al. [167] 2017 CLPP
• Connie et al. [174] 2017 Grassmann manifold
• Jean et al. [178, 179] 2009 normalised 2D trajectories
• Goffredo et al. [180] 2010 features-based joint positions ( + ) no complicated camera setup
• Kusakunniran et al. [181] 2013 normalised silhouettes-based invariant low-rank (−) perform better in limited view angles
• Castro et al. [183, 184] 2014 densely sampled short-term trajectories
• Zeng and Wang [182] 2016 ilhouettes with deterministic learning
• Dupuis et al. [99] 2013 decision tree
• Choudhury et al. [89] 2015 entropy + 2DPCA + nearest-neighbor (−) need training data in all angles
• Rida et al. [105] 2016 group fused Lasso + nearest-neighbor ( + ) simple to implement
• Zhao et al. [185] 2016 transformation invariant low-rank texture + extreme learning

machine
• Isaac et al. [109] 2017 genetic algorithm + Bayes' rule
• Verlekar et al. [90] 2017 perceptual hash + hamming distance
• Zhang and Troje [188] 2005 3D linear model of Fourier representations
• Zhao et al. [187] 2006 3D model using multiple cameras
• Bodor et al. [186] 2009 3D model-based combination of views ( − ) require complicated cameras calibration
• Lopez-Fernandez et al. [191] 2015 gait entropy volume ( + ) perform good in large view angles
• Luo et al. [190] 2016 parametric 3D model
• Lopez et al. [192] 2016 3D angular information
• Tang et al. [189] 2017 parametric 3D model
 

Table 6 Experiments on USF dataset
Experiments

1 2 3 4 5 6 7 8 9 10 11 12
# sequences 122 54 54 121 60 121 60 120 60 120 33 33
variation V S VS R RS RV RSV B BS BV TSC RTSC
V: View; S: Shoe; R: Surface; B: Briefcase; T: Time; AND C: clothes.
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recorded gallery and probe gait sequences which affects the
performances in an unpredictable manner. Indeed, the elapsed time
is still a very challenging problem which potentially also includes
the changes of the shoes, carrying status, clothing, lighting
conditions etc. It can also be observed that there is a lack of large
datasets containing outdoor real-life complicated scenarios such as
cluttered background, anthropometric variations, and partial as well
as full occlusions. Thus, the need to build new datasets.

It can also be observed that there is no universal feature
representation for gait recognition but rather a large variety of
features have been proposed and used. Despite their attractive
discriminative ability, most features are highly related to the human
expertise. In order to improve the discriminative power, existing
methods aim to find suitable feature representation spaces where
observations from different classes are well separated. For the
latter, different approaches such as dimensionality reduction and
feature selection have been studied and applied.

Table 7 Accuracy on the human ID gait challenge dataset in per cent
Experiments

1 2 3 4 5 6 7 8 9 10 11 12
Kale et al. [41] 2004 89 88 68 35 28 15 21 85 80 58 17 15
Sarkar et al. [203] 2005 73 78 48 32 22 17 17 61 57 36 3 3
Han and Bhanu [4] 2006 90 91 81 56 64 25 36 64 60 60 6 15
Xu et al. [64] 2006 89 93 80 44 45 25 33 80 79 60 18 21
Liu and Sarkar [42] 2006 85 89 72 57 66 46 41 83 79 52 15 24
Ioannidis et al. [37] 2007 83 86 78 39 34 20 21 43 40 40 16 5
Ma et al. [115] 2007 84 91 70 26 29 14 16 64 64 42 9 6
Xu et al. [66] 2007 89 94 80 44 47 25 33 85 83 60 27 21
Lam et al. [51] 2007 77 83 69 12 13 9 12 38 33 19 39 9
Tao et al. [65] 2007 91 93 86 32 47 21 32 95 90 68 16 19
Yang et al. [116] 2008 90 87 80 41 48 27 28 72 63 63 6 6
Li et al. [67] 2008 90 89 81 40 50 27 26 65 67 57 12 18
Chen et al. [68] 2010 92 94 86 44 52 27 33 78 74 65 21 15
Hu et al. [142] 2010 99 97 94 66 69 52 59 92 91 84 28 35
Guha and Ward [204] 2010 89 85 74 30 22 12 22 87 73 52 6 9
Huang et al. [69] 2010 93 89 81 54 52 32 34 81 78 62 12 9
Mu and Tao [141] 2010 95 92 88 45 47 34 34 78 74 65 25 19
Lam et al. [124] 2011 82 89 76 27 27 10 17 60 57 54 15 3
Roy et al. [125] 2012 85 94 78 49 33 22 26 71 69 47 12 12
Hofmann et al. [151] 2012 93 85 81 56 45 38 31 89 90 82 3 6
Hofmann and Rigoll [126] 2012 98 93 87 94 86 62 50 94 91 85 12 12
Kusakunniran et al. [161] 2012 89 — — — — — — — — — — —
Liu et al. [149] 2012 96 91 83 33 33 18 25 91 82 82 9 6
Xu et al. [71] 2012 95 93 89 62 62 39 38 94 91 78 21 21
Choudhury and Tjahjadi [52] 2012 92 95 84 72 68 29 40 69 60 64 20 18
Wang et al. [122] 2012 91 93 78 51 53 35 38 84 78 64 3 9
Choudhury and Tjahjadi [48] 2013 93 96 86 70 69 39 37 78 71 66 27 22
Hu [168] 2013 93 93 90 56 53 36 30 97 90 72 11 17
Kusakunniran et al. [181] 2013 85 — — — — — — — — — — —
Lu et al. [73] 2014 93 94 85 52 52 37 40 86 85 68 18 15
Martin and Xiang [74] 2014 83 94 82 60 54 48 42 67 61 55 59 27
Lai et al. [72] 2014 93 94 85 51 50 29 36 85 83 68 18 24
Guan et al. [76] 2015 100 95 94 73 73 55 64 97 99 94 42 42
Zhang et al. [50] 2015 95 88 71 41 28 26 24 - - - - -
Choudhury and Tjahjadi [89] 2015 95 96 86 54 57 34 36 91 90 78 31 28
Xing et al. [77] 2016 88 — — — — — — — — — — —
Ben et al. [83] 2016 69.9 66.6 44.7 39.4 34.8 25.8 20.9 51.9 41.7 36.7 6.8 5.8
Choudhury and Tjahjadi [139] 2016 96 96 90 62 63 37 39 94 93 80 41 32
Chhatrala and Jandhav [144] 2016 98 92 85 64 60 45 36 85 92 90 38 38
Chen and Xu [84] 2016 97 98 92 78 76 75 70 84 82 80 78 61
Wolf et al. [197] 2016 89 84 90 83 78 81 83 83 86 78 76 80
El-Alfy et al. [57] 2017 93 89 87 41 43 28 36 83 79 80 3 9
Aggarwal and Vishwakarma [91] 2017 97 96 93 68 64 34 37 96 92 86 27 24
Ma et al. [81] 2017 95 91 78 66 59 46 52 93 88 69 30 27
Xu et al. [167] 2017 85 — — — — — — — — — — —
Wu et al. [196] 2017 96.7 — — — — — — — — — — —
Deng et al. [25] 2017 100 100 100 98 95 88 85 98 100 92 82 79
Ma et al. [82] 2017 91 94 81 45 41 40 38 91 86 64 64 39
Atta et al. [140] 2017 92 91 81 42 35 21 25 87 80 63 9 6
Chaurasia et al. [143] 2017 90 89 84 38 42 22 28 90 80 72 20 18
Chhatrala et al. [86] 2017 100 96 91 72 70 50 45 85 93 91 40 40
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Table 8 Accuracy on CASIA and OU-ISIR dataset B in per cent
CASIA NL CASIA BG CASIA CL OU-ISIR

Wang et al. [45] 2003 77.4 — — —
Yu et al. [3] 2006 97.60 32.70 52.00 —
Han and Bhanu [4] 2006 99.60 57.20 23.80 —
Bashir et al. [98] 2008 99.40 79.90 31.30 —
Rida et al. [118] 2009 97.50 83.60 48.80 —
Shanableh et al. [119] 2009 — — — 66.94
Bashir et al. [120] 2010 100.00 78.30 44.00 —
Hossain et al. [87] 2010 — — — 63.90
Goffredo et al. [180] 2010 86.50 — — —
Li et al. [88] 2010 99.20 80.60 75.80 —
Zhang et al. [123] 2010 98.39 91.94 72.18 —
Lu and Tan [169] 2010 100 — — —
Wang et al. [122] 2012 88.06 43.67 42.98 —
Huang and Boulgouris [127] 2012 99.00 64.00 72.00 —
Dupuis et al. [99] 2013 98.80 73.80 63.70 —
Jeevan et al. [128] 2013 93.36 56.12 22.44 —
Hu et al. [148] 2013 94.00 45.20 42.90 —
Islam et al. [95] 2013 — — — 78.54
Lee et al. [53] 2013 62.03 — — —
Kusakunniran et al. [181] 2013 98.00 — — —
Zeng et al. [21] 2014 91.9 — — —
Zeng and Wang [49] 2014 98.40 93.50 90.30 —
Kusakunniran et al. [131] 2014 95.40 60.90 52.00 —
Kusakunniran et al. [132] 2014 94.50 60.90 58.50 67.00
Lishani et al. [75] 2014 88.70 76.90 83.30 —
Rida et al. [100] 2014 95.97 79.03 80.65 —
Lee et al. [130] 2014 89.50 — — —
Lee et al. [137] 2014 89.50 — — —
Rida et al. [101] 2015 95.97 63.39 72.77 —
Rida et al. [113] 2015 95.56 74.11 86.61 —
Rokanujjaman et al. [102] 2015 97.61 83.87 51.61 72.90
Choudhury and Tjahjadi [89] 2015 100.00 89.00 76.00 —
Arora and Srivastava [133] 2015 98.00 — — —
Lee et al. [136] 2015 96.00 — — —
Luo et al. [134] 2015 88.70 89.90 91.90 —
Guan et al. [76] 2015 — — — 90.70
Arora et al. [138] 2015 98.00 74.50 45.00 61.20
Whytock et al. [103] 2015 98.40 77.40 93.10 —
Arora et al. [150] 2015 — — — 62.50
Rida et al. [104] 2016 93.60 81.70 68.80 —
Chhatrala and Jadhav [144] 2016 100.00 72.10 40.80 —
Deng et al. [54] 2016 94.00 93.00 92.00 —
Rida et al. [105] 2016 98.39 75.89 91.96 —
Rida et al. [78] 2016 98.80 70.10 89.29 —
Lishani et al. [79] 2016 93.55 87.63 89.24 —
Lu et al. [190] 2016 — 92.00 93.00 —
Nandy et al. [96] 2016 — — — 83.30
Liang et al. [111] 2016 99.6 94.76 91.53 —
Alotaibi et al. [108] 2016 98.40 86.70 94.80 53.70
Yeoh et al. [23] 2017 83.70 70.60 76.00 —
Deng al. [25] 2017 96.00 94.00 92.00 —
Verlekar et al. [90] 2017 100.00 87.00 96.00 —
Aggarwal and Vishwakarma [91] 2017 100.00 93.10 81.30 72.70
Lishani et al. [97] 2017 85.36 79.90 74.74 —
Alotaibi and Mahmood [107] 2017 98.40 86.70 94.80 —
Isaac et al. [109] 2017 98.00 95.50 93.00 —
Al Tayyan et al. [135] 2017 99.60 97.58 91.93 60.84
Atta et al. [140] 2017 98.00 73.00 66.0 —
Chaurasia et al. [143] 2017 98.40 88.70 58.90 —
Tang et al. [189] 2017 — 96.30 95.20 —
Ghebleh and Ebrahimi [110] 2017 — — — 82.13
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Hand-crafted or engineering features and especially GEI have
been widely used and have shown attractive recognition
performances in some specific scenarios, however, they fail in
more complicated and unseen ones. Metric learning methods have
shown their efficiency where the learned metric aims to find the
appropriate distance which allows for the minimisation and
maximisation of the intra-class and inter-class variations,
respectively. Another way to address the aforementioned issues is
to resort to domain adaptation with the objective to design a
recognition method based on some training samples while the
testing process is carried out using data with different statistical
and geometrical properties (transport technique can be adapted to
this application problem).

Finally, deep learning techniques have emerged as a new
powerful research approach for gait recognition and have shown an
attractive practicality in various application domains thanks to their
impressive results. To be effective, such type of methods require a
vast amount of labelled data in order to train the deep network
architectures. Unfortunately, this is not the case of gait recognition
where the existing datasets remain relatively of small size. A
possible solution to tackle this problem is data augmentation and
transfer learning techniques.

7 Conclusion
Gait recognition suffers from various intra-class variations caused
by different conditions which drastically affect the recognition
performances. In this paper, we have presented a comprehensive

Table 9 Clothing combinations
Experiments

3 4 6 7 8 C X Y N S V 0 2 5 9 A B D E P T Z F G H I J K L M R U
S1 RP RP RP RP RP RP RP RP SP Sk Sk CP RP RP RP RP RP CP CP SP Sk SP CP CP CP BP BP BP BP BP RC Sk
S2 HS HS LC LC LC DJ FS FS HS HS Dj CW HS LC FS Pk Dj HS LC Pk FS FS CP CP CP BP BP BP BP BP RC Sk
S3 Ht Cs Mf Ht Cs Mf Ht Cs — — — — — — — — — — — — — — — — — — — — — — — —
Si stands for ith clothes slot. RP: Regular pants, BP: Baggy pants, SP: Short pants, Sk: Skirt, CP: Casual pants, HS: Half shirt, FS: Full shirt, LC: Long coat, Pk: Parker, DJ: Down
jacket, CW: Casual wear, RC: Rain coat, Ht: Hat, Cs: Casquette cap, Mf: Muffler.
 

Table 10 Experiments in lateral view on CMU MoBo dataset
Experiments

A B C D E F G H I J K L
gallery slow slow slow fast fast fast inclined inclined inclined ball ball ball
probe fast ball inclined slow ball inclined slow fast ball slow fast inclined
 

Table 11 Accuracy on the CMU MoBo database in per cent
Experiments

A B C D E F G H I J K L
Lee and Grimson [26] 2002 64 50 — — — — — — — — — —
Wang et al. [45] 2003 36 — — 48 — — — — — — — —
Benabdelkader et al. [59] 2004 54 — — 32 — — — — — — — —
Liu et al. [35] 2004 72 88 — — — — — — — — — —
Veeraraghavan et al. [207] 2004 80 48 — 84 48 — — — — 68 48 —
Veeraraghavan et al. [208] 2005 80 48 — 84 48 — — — — 68 48 —
Lee et al. [47] 2007 82 77 — 80 61 — — — — 89 73 —
Kusakunniran et al. [209] 2009 92 73 — 92 61 — — — — 75 63 —
Zhang et al. [123] 2010 72 — — 44 — — — — — — — —
Lam et al. [124] 2011 80 — — 72 — — — — — — — —
Choudhury and Tjahjadi [52] 2012 94 93 — 91 84 — — — — 82 82 —
Roy et al. [125] 2012 100 92 60 88 60 72 76 80 48 92 84 76
Huang and Boulgouris [127] 2012 — — — 92 — — — — — — — —
Choudhury and Tjahjadi [52] 2012 94 93 — 91 84 — — — — 82 82 —
Wang et al. [122] 2012 72 — — 76 — — — — — — — —
Choudhury and Tjahjadi [48] 2013 96 92 — 96 92 — — — — 92 87 —
Lee et al. [53] 2013 60 — — 68 — — — — — — — —
Zeng et al. [49] 2014 96 87 — 92 88 — — — — 87 88 —
Kusakunniran [132] 2014 — — 88 92 84 — — — — — — —
Huang et al. [210] 2014 93.36 65.71 47.81 — — — — — — — — —
Lee et al. [137] 2014 — — — 80 — — — — — — — —
Lee et al. [130] 2014 80 — — 88 — — — — — — — —
Lee et al. [136] 2015 96 — — — — — — — — — — —
Huang et al. [211] 2015 96 — — 96 — — — — — — — —
Zeng et Wang [182] 2016 92 — — — — — — — — — — —
Deng et al. [54] 2016 — 99 — 97 98 — — — — — — —
Luo et al. [190] 2016 96 94 88 92 93 88 91 88 86 92 91 86
Wolf et al. [197] 2016 99 100 — 99 100 — — — — 100 100 —
Kusakunniran et al. [212] 2012 92 — — 88 — — — — — — — —
Tang et al. [189] 2017 100 94 92 96 93 94 93 94 91 93 91 92
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study of existing state-of-the art techniques for robust gait
recognition dealing with clothing and view angle covariates. This
is carried out by introducing simple and clear taxonomies,
comparisons, summaries, and discussions of state-of-the-art
recognition methods and algorithms in terms of the recognition
performances using several widely used and publicly available
datasets.

A large variety of hand-crafted features are related to the human
expertise including the widely used GEI approach which offers
different degree of robustness against intra-class variations caused
by different conditions. These engineering features have shown
good accuracy in some limited scenarios while failing when
applied to more complicated ones. In order to attain superior
recognition performances, feature representation and selection
techniques have been combined with different features. A growing
and intensive body of research, with the goal of end-to-end
recognition from feature extraction and representation and
classification, has emerged using the concept of deep learning. To
be effective deep models require a huge amount of data, due to
their complex structure coupled with their computing power to
exhibit striking performances. Unfortunately, this is not the case for
gait recognition problems due the limited size of existing datasets.
To tackle this problem, data augmentation and transfer learning
techniques are possible solutions.

8 Acknowledgment
This publication was made possible by NPRP grant # NPRP
8-140-2-065 from the Qatar National Research Fund (a member of
Qatar Foundation). The statements made herein are solely the
responsibility of the authors.

9 References
[1] Hayfron Acquah, J.B., Nixon, M.S., Carter, J.N.: ‘Automatic gait recognition

by symmetry analysis’, Pattern Recognit. Lett., 2003, 24, (13), pp. 2175–2183
[2] Matovski, D.S., Nixon, M.S., Mahmoodi, S., et al.: ‘The effect of time on gait

recognition performance’, IEEE Trans. Inf. Forensics Sec., 2012, 7, (2), pp.
543–552

[3] Yu, S., Tan, D., Tan, T.: ‘A framework for evaluating the effect of view angle,
clothing and carrying condition on gait recognition’. Int. Conf. Pattern
Recognition, 2006, Hong Kong, China, 2006, vol. 4, pp. 441–444

[4] Han, J., Bhanu, B.: ‘Individual recognition using gait energy image’, IEEE
Trans. Pattern Anal. Mach. Intell., 2006, 28, (2), pp. 316–322

[5] Lee, T.K., Belkhatir, M., Sanei, S.: ‘A comprehensive review of past and
present vision-based techniques for gait recognition’, Multimedia Tools
Appl.., 2014, 72, (3), pp. 2833–2869

[6] Zhang, Z., Hu, M., Wang, Y.: ‘A survey of advances in biometric gait
recognition’, Biometric Recognition, 2011, pp. 150–158

[7] Chai, Y., Ren, J., Han, W., et al.: ‘Human gait recognition: approaches,
datasets and challenges’. 4th Int. Conf. Imaging for Crime Detection and
Prevention 2011 (ICDP 2011), London, UK, 2011

[8] Liu, L.F., Jia, W., Zhu, Y.H.: ‘Survey of gait recognition’, Emerg. Intell.
Compu. Technol. Appl. Asp. Artif. Intell., 2009, pp. 652–659

[9] Bhowmik, S., Ghosh, A.K., Debsinha, J., et al.: ‘A literature survey on human
identification by gait’, Imperial J. Interdiscip Res., 2016, 2, (7)

[10] Makihara, Y., Matovski, D.S., Nixon, M.S., et al.: ‘Gait recognition:
databases, representations, and applications’ (Wiley Encyclopedia of
Electrical and Electronics Engineering, USA, 2015)

[11] Connor, P., Ross, A.: ‘Biometric recognition by gait: A survey of modalities
and features’, Comput. Vis. Image Underst., 2018, 167, pp. 1–27

[12] Schölkopf, B., Smola, A.J.: ‘Learning with kernels: support vector machines,
regularization, optimization, and beyond’ (MIT press, USA, 2002)

[13] Nixon, M., et al.: ‘Model-based gait recognition’, 2009
[14] Wagg, D.K., Nixon, M.S.: ‘On automated model-based extraction and

analysis of gait’. IEEE Int. Conf. Automatic Face and Gesture Recognition,
2004, 2004, pp. 11–16

[15] Wang, L., Ning, H., Tan, T., et al.: ‘Fusion of static and dynamic body
biometrics for gait recognition’, IEEE Trans. Circuits Syst. Video Technol.,
2004, 14, (2), pp. 149–158

[16] Bobick, A.E., Johnson, A.Y.: ‘Gait recognition using static, activity-specific
parameters’, IEEE Comput. Vis. Pattern Recogn., 2001, 1, pp. I-423

[17] Tanawongsuwan, R., Bobick, A.: ‘Gait recognition from time-normalized
jointangle trajectories in the walking plane’, IEEE Comput. Vis. Pattern
Recogn., 2001, 2, p. II-726

[18] BenAbdelkader, C., Cutler, R., Davis, L.: ‘Stride and cadence as a biometric
in automatic person identification and verification’. IEEE Int. Conf.
Automatic Face and Gesture Recognition, Washington, DC, USA, May 2002,
pp. 372–377

[19] Boulgouris, N.V., Chi, Z.X.: ‘Human gait recognition based on matching of
body components’, Pattern Recogn., 2007, 40, (6), pp. 1763–1770

[20] Cunado, D., Nixon, M.S., Carter, J.N.: ‘Automatic extraction and description
of human gait models for recognition purposes’, Comput. Vis. Image Underst.,
2003, 90, (1), pp. 1–41

[21] Zeng, W., Wang, C., Li, Y.: ‘Model-based human gait recognition via
deterministic learning’, Cogn. Comput., 2014, 6, (2), pp. 218–229

[22] Bouchrika, I., Carter, J.N., Nixon, M.S.: ‘Towards automated visual
surveillance using gait for identity recognition and tracking across multiple
non-intersecting cameras’, Mult. Tools Appl., 2016, 75, (2), pp. 1201–1221

[23] Yeoh, T.W., Daolio, F., Aguirre, H.E., et al.: ‘On the effectiveness of feature
selection methods for gait classification under different covariate factors’,
Appl. Soft Comput., 2017, 61, pp. 42–57

[24] Khamsemanan, N., Nattee, C., Jianwattanapaisarn, N.: ‘Human identification
from freestyle walks using posture-based gait feature’, IEEE Trans. Inf.
Forensics Sec., 2018, 13, (1), pp. 119–128

[25] Deng, M., Wang, C., Cheng, F., et al.: ‘Fusion of spatial-temporal and
kinematic features for gait recognition with deterministic learning’, Pattern
Recogn., 2017, 67, pp. 186–200

[26] Lee, L., Grimson, W.E.L.: ‘Gait analysis for recognition and classification’.
IEEE Int. Conf. Automatic Face and Gesture Recognition, 2002, Washington,
DC, USA, May 2002, pp. 148–155

[27] Dockstader, S.L., Berg, M.J., Tekalp, A.M.: ‘Stochastic kinematic modeling
and feature extraction for gait analysis’, IEEE Trans. Image Process., 2003,
12, (8), pp. 962–976

[28] Zhang, J., Collins, R., Liu, Y.: ‘Representation and matching of articulated
shapes’, IEEE Comput. Vis. Pattern Recogn., 2004, 2, p. II-342

[29] Zhang, R., Vogler, C., Metaxas, D.: ‘Human gait recognition at sagittal plane’,
Image Vis. Comput., 2007, 25, (3), pp. 321–330

[30] Lu, H., Plataniotis, K.N., Venetsanopoulos, A.N.: ‘A full-body layered
deformable model for automatic model-based gait recognition’, EURASIP
J.Adv. Signal Process., 2007, 2008, (1), pp. 1–13

[31] Ariyanto, G., Nixon, M.S.: ‘Marionette mass-spring model for 3d gait
biometrics’. Int. Conf. Biometrics, 2012, New Delhi, India, 2012, pp. 354–
359

[32] Yoo, J.H., Hwang, D., Moon, K.Y., et al.: ‘Automated human recognition by
gait using neural network’. Workshops on Image Processing Theory, Tools
and Applications, 2008, Sousse, Tunisia, November 2008, pp. 1–6

[33] Tafazzoli, F., Safabakhsh, R.: ‘Model-based human gait recognition using leg
and arm movements’, Eng. Appl. Artif. Intell., 2010, 23, (8), pp. 1237–1246

[34] BenAbdelkader, C., Cutler, R., Nanda, H., et al.: ‘Eigengait: motion-based
recognition of people using image self-similarity’ in Bigun, J., Smeraldi, F.
(Eds.): ‘Audio and video based biometric person authentication. AVBPA
2001.’ Lecture Notes in Computer Science, vol 2091, (Springer, Berlin,
Heidelberg, 2001), pp. 284–294

[35] Liu, Z., Sarkar, S.: ‘Simplest representation yet for gait recognition: averaged
silhouette’. Int. Conf. Pattern Recognition, 2004, Cambridge, UK, 2004, vol.
4, pp. 211–214

[36] Sivapalan, S., Chen, D., Denman, S., et al.: ‘Gait energy volumes and frontal
gait recognition using depth images’. In: Int. Joint Conf. Biometrics, 2011,
Washington, DC, USA, 2011, pp. 1–6

[37] Ioannidis, D., Tzovaras, D., Damousis, I.G., et al.: ‘Gait recognition using
compact feature extraction transforms and depth information’, IEEE Trans.
Inf. Forensics Sec., 2007, 2, (3), pp. 623–630

[38] Afendi, T., Kurugollu, F., Crookes, D., et al.: ‘A frontal view gait recognition
based on 3d imaging using a time of flight camera’. 22nd European Signal
Processing Conf., 2014, Lisbon, Portugal, 2014, pp. 2435–2439

[39] Zou, Q., Ni, L., Wang, Q., et al.: ‘Robust gait recognition by integrating
inertial and RGBD sensors’, IEEE Trans. Cybern., 2018, 48, (4), pp. 1136–
1150

[40] Veres, G.V., Gordon, L., Carter, J.N., et al.: ‘What image information is
important in silhouette-based gait recognition?’, IEEE Comput. Vis. Pattern
Recogn., 2004, 2, pp. II–II

[41] Kale, A., Sundaresan, A., Rajagopalan, A., et al.: ‘Identification of humans
using gait’, IEEE Trans. Image Process., 2004, 13, (9), pp. 1163–1173

[42] Liu, Z., Sarkar, S.: ‘Improved gait recognition by gait dynamics
normalization’, IEEE Trans. Pattern Anal. Mach. Intell., 2006, 28, (6), pp.
863–876

[43] Kale, A., Rajagopalan, A., Cuntoor, N., et al.: ‘Gait-based recognition of
humans using continuous hmms’. In: IEEE Int. Conf. Automatic Face and
Gesture Recognition, 2002, Washington, DC, USA, May 2002, pp. 336–341

[44] Collins, R.T., Gross, R., Shi, J.: ‘Silhouette-based human identification from
body shape and gait’. IEEE Int. Conf. Automatic Face and Gesture
Recognition, 2002, Washington, DC, USA, May 2002, pp. 366–371

[45] Wang, L., Tan, T., Hu, W., et al.: ‘Automatic gait recognition based on
statistical shape analysis’, IEEE Trans. Image Process., 2003, 12, (9), pp.
1120–1131

[46] Kent, J.T.: ‘New directions in shape analysis’, The Art Stat. Sci., 1992, pp.
115–127

[47] Lee, S., Liu, Y., Collins, R.: ‘Shape variation-based frieze pattern for robust
gait recognition’, IEEE Comput. Vis. Pattern Recogn., 2007, 2007, pp. 1–8

[48] Choudhury, S.D., Tjahjadi, T.: ‘Gait recognition based on shape and motion
analysis of silhouette contours’, Comput. Vis. Image Underst., 2013, 117,
(12), pp. 1770–1785

[49] Zeng, W., Wang, C., Yang, F.: ‘Silhouette-based gait recognition via
deterministic learning’, Pattern Recogn., 2014, 47, (11), pp. 3568–3584

[50] Zhang, L., Zhang, L., Tao, D., et al.: ‘A sparse and discriminative tensor to
vector projection for human gait feature representation’, Signal Process.,
2015, 106, pp. 245–252

[51] Lam, T.H., Lee, R.S., Zhang, D.: ‘Human gait recognition by the fusion of
motion and static spatio-temporal templates’, Pattern Recogn., 2007, 40, (9),
pp. 2563–2573

IET Biom., 2019, Vol. 8 Iss. 1, pp. 14-28
© The Institution of Engineering and Technology 2018

25



[52] Choudhury, S.D., Tjahjadi, T.: ‘Silhouette-based gait recognition using
Procrustes shape analysis and elliptic Fourier descriptors’, Pattern Recogn.,
2012, 45, (9), pp. 3414–3426

[53] Lee, C.P., Tan, A.W., Tan, S.C.: ‘Gait recognition via optimally interpolated
deformable contours’, Pattern Recogn. Letters, 2013, 34, (6), pp. 663–669

[54] Deng, M., Wang, C., Chen, Q.: ‘Human gait recognition based on
deterministic learning through multiple views fusion’, Pattern Recogn. Lett.,
2016, 78, pp. 56–63

[55] Bengua, J.A., Ho, P.N., Tuan, H.D., et al.: ‘Matrix product state for higher
order tensor compression and classification’, IEEE Trans. Signal Process.,
2016, 65, (15), pp. 4019–4030

[56] Tsuji, A., Makihara, Y., Yagi, Y.: ‘Silhouette transformation based on walking
speed for gait identification’. IEEE Conf. Computer Vision and Pattern
Recognition, 2010, 2010, pp. 717–722

[57] El Alfy, H., Mitsugami, I., Yagi, Y.: ‘Gait recognition based on normal
distance maps’, IEEE Trans. Cybern., 2018, 48, (5), pp. 1526–1539

[58] Wang, L., Tan, T., Ning, H., et al.: ‘Silhouette analysis-based gait recognition
for human identification’, IEEE Trans. Pattern Anal. Mach. Intell., 2003, 25,
(12), pp. 1505–1518

[59] BenAbdelkader, C., Cutler, R.G., Davis, L.S.: ‘Gait recognition using image
self-similarity’, EURASIP J. Adv. Signal Process., 2004, 2004, (4), pp. 1–14

[60] Kobayashi, T., Otsu, N.: ‘Action and simultaneous multiple-person
identification using cubic higher-order local auto-correlation’. Int. Conf.
Pattern Recognition, Cambridge, UK, August 2004, vol. 4, pp. 741–744

[61] Otsu, N., Kurita, T.: ‘A new scheme for practical flexible and intelligent vision
systems’ (MVA, Tokyo, Japan, 1988), pp. 431–435

[62] Lu, J., Zhang, E.: ‘Gait recognition for human identification based on ICA
and fuzzy SVM through multiple views fusion’, Pattern Recogn. Letters,
2007, 28, (16), pp. 2401–2411

[63] Lu, H., Plataniotis, K.N., Venetsanopoulos, A.N.: ‘MPCA: multilinear
principal component analysis of tensor objects’, IEEE Trans. Neural Netw.,
2008, 19, (1), pp. 18–39

[64] Xu, D., Yan, S., Tao, D., et al.: ‘Human gait recognition with matrix
representation’, IEEE Trans. Circuits Syst. Video Technol., 2006, 16, (7), pp.
896–903

[65] Tao, D., Li, X., Wu, X., et al.: ‘General tensor discriminant analysis and
Gabor features for gait recognition’, IEEE Trans. Pattern Anal. Mach. Intell.,
2007, 29, (10), pp. 1700–1715

[66] Xu, D., Yan, S., Tao, D., et al.: ‘Marginal fisher analysis and its variants for
human gait recognition and content-based image retrieval’, IEEE Trans.
Image Process., 2007, 16, (11), pp. 2811–2821

[67] Li, X., Lin, S., Yan, S., et al.: ‘Discriminant locally linear embedding with
high-order tensor data’, IEEE Trans. Syst., Man, Cybern., Part B (Cybern.),
2008, 38, (2), pp. 342–352

[68] Chen, C., Zhang, J., Fleischer, R.: ‘Distance approximating dimension
reduction of Riemannian manifolds’, IEEE Trans. Sys., Man, Cybern., Part B
(Cybern.), 2010, 40, (1), pp. 208–217

[69] Huang, Y., Xu, D., Cham, T.J.: ‘Face and human gait recognition using
imageto-class distance’, IEEE Trans. Circuits Syst. Video Technol., 2010, 20,
(3), pp. 431–438

[70] Zhang, J., Pu, J., Chen, C., et al.: ‘Low-resolution gait recognition’, IEEE
Trans. Syst. Man Cybern., Part B (Cybern.), 2010, 40, (4), pp. 986–996

[71] Xu, D., Huang, Y., Zeng, Z., et al.: ‘Human gait recognition using patch
distribution feature and locality-constrained group sparse representation’,
IEEE Trans. Image Process., 2012, 21, (1), pp. 316–326

[72] Lai, Z., Xu, Y., Jin, Z., et al.: ‘Human gait recognition via sparse discriminant
projection learning’, IEEE Trans. Circuits Syst. Video Technol., 2014, 24,
(10), pp. 1651–1662

[73] Lu, J., Wang, G., Moulin, P.: ‘Human identity and gender recognition from
gait sequences with arbitrary walking directions’, IEEE Trans. Inf. Forensics
Sec., 2014, 9, (1), pp. 51–61

[74] Martín Félez, R., Xiang, T.: ‘Uncooperative gait recognition by learning to
rank’, Pattern Recogn., 2014, 47, (12), pp. 3793–3806

[75] Lishani, A.O., Boubchir, L., Bouridane, A.: ‘Haralick features for GEI-based
human gait recognition’. Int. Conf. Microelectronics, 2014, Doha, Qatar,
December 2014, pp. 36–39

[76] Guan, Y., Li, C.T., Roli, F.: ‘On reducing the effect of covariate factors in gait
recognition: a classifier ensemble method’, IEEE Trans. Pattern Anal. Mach.
Intell., 2015, 37, (7), pp. 1521–1528

[77] Xing, X., Wang, K., Yan, T., et al.: ‘Complete canonical correlation analysis
with application to multi-view gait recognition’, Pattern Recogn., 2016, 50,
pp. 107–117

[78] Rida, I., Boubchir, L., Al Maadeed, N., et al.: ‘Robust model-free gait
recognition by statistical dependency feature selection and globality-locality
preserving projections’. Int. Conf. Telecommunications and Signal
Processing, 2016, Vienna, Austria, June 2016, pp. 652–655

[79] Lishani, A.O., Boubchir, L., Khalifa, E., et al.: ‘Gabor filter bank-based GEI
features for human gait recognition’. 39th Int. Conf. Telecommunications and
Signal Processing, 2016, Vienna, Austria, June 2016, pp. 648–651

[80] Wang, X., Wang, J., Yan, K.: ‘Gait recognition based on Gabor wavelets and
(2d) 2pca’, Multimedia Tools Appl.., 2017, pp. 1–17

[81] Ma, G., Wu, L., Wang, Y.: ‘A general subspace ensemble learning framework
via totally-corrective boosting and tensor-based and local patch-based
extensions for gait recognition’, Pattern Recogn., 2017, 66, pp. 280–294

[82] Ma, G., Wang, Y., Wu, L.: ‘Subspace ensemble learning via totally-corrective
boosting for gait recognition’, Neurocomputing, 2017, 224, pp. 119–127

[83] Ben, X., Zhang, P., Meng, W., et al.: ‘On the distance metric learning between
cross-domain gaits’, Neurocomputing, 2016, 208, pp. 153–164

[84] Chen, X., Xu, J.: ‘Uncooperative gait recognition: Re-ranking based on sparse
coding and multi-view hypergraph learning’, Pattern Recogn., 2016, 53, pp.
116–129

[85] Lee, H., Baek, J., Kim, E.: ‘A probabilistic image-weighting scheme for
robust silhouette-based gait recognition’, Multimedia Tools Appl.., 2014, 70,
(3), pp. 1399–1419

[86] Chhatrala, R., Patil, S., Lahudkar, S., et al.: ‘Sparse multilinear Laplacian
discriminant analysis for gait recognition’, Pattern Anal. Appl., 2017, pp. 1–
14

[87] Hossain, M.A., Makihara, Y., Wang, J., et al.: ‘Clothing-invariant gait
identification using part-based clothing categorization and adaptive weight
control’, Pattern Recogn., 2010, 43, (6), pp. 2281–2291

[88] Li, N., Xu, Y., Yang, X.K.: ‘Part-based human gait identification under
clothing and carrying condition variations’. Int. Conf. Machine Learning and
Cybernetics, 2010, Qingdao, China, 2010, vol. 1, pp. 268–273

[89] Choudhury, S.D., Tjahjadi, T.: ‘Robust view-invariant multiscale gait
recognition’, Pattern Recogn., 2015, 48, (3), pp. 798–811

[90] Verlekar, T.T., Correia, P.L., Soares, L.D.: ‘View-invariant gait recognition
system using a gait energy image decomposition method’, IET Biometrics,
2017, 6, (4), pp. 299–306

[91] Aggarwal, H., Vishwakarma, D.: ‘Covariate conscious approach for gait
recognition based upon Zernike moment invariants’, IEEE Trans. Cogn. Dev.
Syst., 2017, 10, (2), pp. 397–407

[92] Li, X., Chen, Y.: ‘Gait recognition based on structural gait energy image’ J.
Comput. Inf. Syst., 2013, 9, (1), pp. 121–126

[93] Iwashita, Y., Uchino, K., Kurazume, R.: ‘Gait-based person identification
robust to changes in appearance’, Sensors, 2013, 13, (6), pp. 7884–7901

[94] Gabriel Sanz, S., Vera Rodriguez, R., Tome, P., et al.: ‘Assessment of gait
recognition based on the lower part of the human body’. Int. Workshop on
Biometrics and Forensics, 2013, Lisbon, Portugal, 2013, pp. 1–4

[95] Islam, M.S., Islam, M.R., Akter, M.S., et al.: ‘Window based clothing
invariant gait recognition’. Int. Conf. Advances in Electrical Engineering,
2013, Dhaka, Bangladesh, 2013, pp. 411–414

[96] Nandy, A., Chakraborty, R., Chakraborty, P.: ‘Cloth invariant gait recognition
using pooled segmented statistical features’, Neurocomputing, 2016, 191, pp.
117–140

[97] Lishani, A.O., Boubchir, L., Khalifa, E., et al.: ‘Human gait recognition based
on Haralick features’, Signal, Image Video Process., 2017, 11, pp. 1–8

[98] Bashir, K., Xiang, T., Gong, S.: ‘Feature selection on gait energy image for
human identification’. IEEE Int. Conf. Acoustics, Speech and Signal
Processing, 2008, Las Vegas, NV, USA, 2008, pp. 985–988

[99] Dupuis, Y., Savatier, X., Vasseur, P.: ‘Feature subset selection applied to
model-free gait recognition’, Image Vis. Comput., 2013, 31, (8), pp. 580–591

[100] Rida, I., Almaadeed, S., Bouridane, A.: ‘Improved gait recognition based on
gait energy images’. Int. Conf. Microelectronics, 2014, Doha, Qatar, 2014, pp.
40–43

[101] Rida, I., Bouridane, A., Marcialis, G.L., et al.: ‘Improved human gait
recognition’ in Murino, V., Puppo, E. (Eds.): ‘Image analysis and processing-
ICIAP 2015.’ Lecture Notes in Computer Science, vol 9280 (Springer, Cham,
2015), pp. 119–129

[102] Rokanujjaman, M., Islam, M.S., Hossain, M.A., et al.: ‘Effective part-based
gait identification using frequency-domain gait entropy features’, Multimedia
Tools Appl.., 2015, 74, (9), pp. 3099–3120

[103] Whytock, T., Belyaev, A., Robertson, N.M.: ‘On covariate factor detection
and removal for robust gait recognition’, Mach. Vis. Appl., 2015, 26, (5), pp.
661–674

[104] Rida, I., Almaadeed, S., Bouridane, A.: ‘Gait recognition based on modified
phase-only correlation’, Signal, Image Video Process., 2016, 10, (3), pp. 463–
470

[105] Rida, I., Jiang, X., Marcialis, G.L.: ‘Human body part selection by group
lasso of motion for model-free gait recognition’, IEEE Signal Process. Lett.,
2016, 23, (1), pp. 154–158

[106] Rida, I., Al. Maadeed, N., Marcialis, G.L., et al.: ‘Improved model-free gait
recognition based on human body part’ in Jiang, R., Al-maadeed, S.,
Bouridane, A., et al. (Eds.): ‘Biometric Security and Privacy. Signal
Processing for Security Technologies’ (Springer, Cham, 2017), pp. 141–161

[107] Alotaibi, M., Mahmood, A.: ‘Reducing covariate factors of gait recognition
using feature selection and dictionary-based sparse coding’, Signal, Image
Video Process., 2017, 11, pp. 1–8

[108] Alotaibi, M., Mahmood, A.: ‘Reduction of gait covariate factors using feature
selection and sparse dictionary learning’. IEEE Int. Symp. Multimedia, 2016,
San Jose, CA, USA, 2016, pp. 337–340

[109] Isaac, E., Elias, S., Rajagopalan, S., et al.: ‘View-invariant gait recognition
through genetic template segmentation’, arXiv preprint arXiv:170505273,
2017

[110] Ghebleh, A., Moghaddam, M.E.: ‘Clothing-invariant human gait recognition
using an adaptive outlier detection method’, Multimed. Tools Appl., 2017, 77,
pp. 1–21

[111] Liang, Y., Li, C.T., Guan, Y., et al.: ‘Gait recognition based on the golden
ratio’, EURASIP J. Image Video Process., 2016, 2016, (1), p. 22

[112] Dempster, W.T., Gaughran, G.R.: ‘Properties of body segments based on size
and weight’, Dev. Dyn., 1967, 120, (1), pp. 33–54

[113] Rida, I., Al Maadeed, S., Bouridane, A.: ‘Unsupervised feature selection
method for improved human gait recognition’. 23rd European Signal
Processing Conf., 2015, Nice, France, 2015, pp. 1128–1132

[114] Liu, J., Zheng, N.: ‘Gait history image: a novel temporal template for gait
recognition’. IEEE Int. Conf. Multimedia and Expo, 2007, 2007, pp. 663–666

[115] Ma, Q., Wang, S., Nie, D., et al.: ‘Recognizing humans based on gait moment
image’. Int. Conf. Software Engineering, Artificial Intelligence, Networking,
and Parallel/Distributed Computing, 2007, Qingdao, China, 2007, vol. 2, pp.
606–610

[116] Yang, X., Zhou, Y., Zhang, T., et al.: ‘Gait recognition based on dynamic
region analysis’, Signal Process., 2008, 88, (9), pp. 2350–2356

26 IET Biom., 2019, Vol. 8 Iss. 1, pp. 14-28
© The Institution of Engineering and Technology 2018



[117] Chen, C., Liang, J., Zhao, H., et al.: ‘Frame difference energy image for gait
recognition with incomplete silhouettes’, Pattern Recogn. Lett., 2009, 30,
(11), pp. 977–984

[118] Bashir, K., Xiang, T., Gong, S., et al.: ‘Gait representation using flow fields’
(BMVC, London, UK, 2009), pp. 1–11

[119] Shanableh, T., Assaleh, K., Al Hajjaj, L., et al.: ‘Gait recognition system
tailored for Arab costume of the gulf region’. IEEE Int. Symp. Signal
Processing and Information Technology, 2009, Ajman, UAE, December 2009,
pp. 544–549

[120] Bashir, K., Xiang, T., Gong, S.: ‘Gait recognition without subject
cooperation’, Pattern Recogn. Lett., 2010, 31, (13), pp. 2052–2060

[121] Wang, C., Zhang, J., Pu, J., et al.: ‘Chrono-gait image: a novel temporal
template for gait recognition’. European Conf. Computer Vision, Crete,
Greece, 2010, vol. 2010, pp. 257–270

[122] Wang, C., Zhang, J., Wang, L., et al.: ‘Human identification using temporal
information preserving gait template’, IEEE Trans. Pattern Anal. Mach.
Intell., 2012, 34, (11), pp. 2164–2176

[123] Zhang, E., Zhao, Y., Xiong, W.: ‘Active energy image plus 2dlpp for gait
recognition’, Signal Process.., 2010, 90, (7), pp. 2295–2302

[124] Lam, T.H., Cheung, K.H., Liu, J.N.: ‘Gait flow image: a silhouette-based gait
representation for human identification’, Pattern Recogn., 2011, 44, (4), pp.
973–987

[125] Roy, A., Sural, S., Mukherjee, J.: ‘Gait recognition using pose kinematics and
pose energy image’, Signal Process., 2012, 92, (3), pp. 780–792

[126] Hofmann, M., Rigoll, G.: ‘Improved gait recognition using gradient histogram
energy image’. IEEE Int. Conf. Image Processing, 2012, 2012, pp. 1389–1392

[127] Huang, X., Boulgouris, N.V.: ‘Gait recognition with shifted energy image and
structural feature extraction’, IEEE Trans. Image Process., 2012, 21, (4), pp.
2256–2268

[128] Jeevan, M., Jain, N., Hanmandlu, M., et al.: ‘Gait recognition based on gait
pal and pal entropy image’. IEEE Int. Conf. Image Processing, 2013,
Melbourne, VIC, Australia, September 2013, pp. 4195–4199

[129] Boulgouris, N.V., Chi, Z.X.: ‘Gait recognition using radon transform and
linear discriminant analysis’, IEEE Trans. Image Process., 2007, 16, (3), pp.
731–740

[130] Lee, C.P., Tan, A.W., Tan, S.C.: ‘Gait probability image: an information-
theoretic model of gait representation’, J. Vis. Commun. Image Represent.,
2014, 25, (6), pp. 1489–1492

[131] Kusakunniran, W.: ‘Recognizing gaits on spatio-temporal feature domain’,
IEEE Trans. Inf. Forensics Sec., 2014, 9, (9), pp. 1416–1423

[132] Kusakunniran, W.: ‘Attribute-based learning for gait recognition using
spatiotemporal interest points’, Image Vis. Comput., 2014, 32, (12), pp. 1117–
1126

[133] Arora, P., Srivastava, S.: ‘Gait recognition using gait Gaussian image’. Int.
Conf. Signal Processing and Integrated Networks, 2015, Noida, India,
February 2015, pp. 791–794

[134] Luo, J., Zhang, J., Zi, C., et al.: ‘Gait recognition using GEI and AFDEI’, Int.
J. Optics, 2015, 2015

[135] Al Tayyan, A., Assaleh, K., Shanableh, T.: ‘Decision-level fusion for single-
view gait recognition with various carrying and clothing conditions’, Image
Vis. Comput., 2017, 61, pp. 54–69

[136] Lee, C.P., Tan, A.W., Tan, S.C.: ‘Gait recognition with transient binary
patterns’, J. Vis. Commun. Image Represent., 2015, 33, pp. 69–77

[137] Lee, C.P., Tan, A.W., Tan, S.C.: ‘Time-sliced averaged motion history image
for gait recognition’, J. Vis. Commun. Image Represent., 2014, 25, (5), pp.
822–826

[138] Arora, P., Hanmandlu, M., Srivastava, S.: ‘Gait based authentication using
gait information image features’, Pattern Recogn. Lett., 2015, 68, pp. 336–
342

[139] Choudhury, S.D., Tjahjadi, T.: ‘Clothing and carrying condition invariant gait
recognition based on rotation forest’, Pattern Recogn. Lett., 2016, 80, pp. 1–7

[140] Atta, R., Shaheen, S., Ghanbari, M.: ‘Human identification based on temporal
lifting using 5/3 wavelet filters and radon transform’, Pattern Recogn., 2017,
69, pp. 213–224

[141] Mu, Y., Tao, D.: ‘Biologically inspired feature manifold for gait recognition’,
Neurocomputing, 2010, 73, (4), pp. 895–902

[142] Hu, R., Shen, W., Wang, H.: ‘Recursive spatiotemporal subspace learning for
gait recognition’, Neurocomputing, 2010, 73, (10), pp. 1892–1899

[143] Chaurasia, P., Yogarajah, P., Condell, J., et al.: ‘Fusion of random walk and
discrete Fourier spectrum methods for gait recognition’, IEEE Trans. Human-
Machine Syst., 2017, 47, (6), pp. 751–762

[144] Chhatrala, R., Jadhav, D.V.: ‘Multilinear Laplacian discriminant analysis for
gait recognition’, IET Comput. Vis., 2016, 11, (2), pp. 153–160

[145] Chen, J., Liu, J.: ‘Average gait differential image based human recognition’,
The Sci. World J., 2014, 2014

[146] Verlekar, T.T., Correia, P.L., Soares, L.D.: ‘Sparse error gait image: a new
representation for gait recognition’. Int. Workshop on Biometrics and
Forensics, 2017, Coventry, UK, April 2017, pp. 1–6

[147] Medikonda, J., Madasu, H., Panigrahi, B.K.: ‘Information set based gait
authentication system’, Neurocomputing, 2016, 207, pp. 1–14

[148] Hu, M., Wang, Y., Zhang, Z., et al.: ‘Incremental learning for video-based gait
recognition with LBP flow’, IEEE Trans. Cybern., 2013, 43, (1), pp. 77–89

[149] Liu, Y., Zhang, J., Wang, C., et al.: ‘Multiple hog templates for gait
recognition’. In: Int. Conf. Pattern Recognition, 2012, Tsukuba, Japan,
November 2012, pp. 2930–2933

[150] Arora, P., Srivastava, S., Arora, K., et al.: ‘Improved gait recognition using
gradient histogram Gaussian image’, Procedia Comput. Sci., 2015, 58, pp.
408–413

[151] Hofmann, M., Schmidt, S.M., Rajagopalan, A.N., et al.: ‘Combined face and
gait recognition using alpha matte preprocessing’. Int. Conf. on Biometrics,
New Delhi, India, 2012, pp. 390–395

[152] Shakhnarovich, G., Lee, L., Darrell, T.: ‘Integrated face and gait recognition
from multiple views’. IEEE Conf. Comput. Vis. Pattern Recogn., 2001,
Kauai, HI, USA, December 2001, vol. 1, pp. I–I

[153] Almohammad, M.S., Salama, G.I., Mahmoud, T.A.: ‘Human identification
system based on feature level fusion using face and gait biometrics’. Int.
Conf. Engineering and Technology, 2012, Cairo, Egypt, 2012, pp. 1–5

[154] Makihara, Y., Sagawa, R., Mukaigawa, Y., et al.: ‘Gait recognition using a
view transformation model in the frequency domain’. Computer Vision–
ECCV 2006, Graz, Austria, 2006, pp. 151–163

[155] Kusakunniran, W., Wu, Q., Li, H., et al.: ‘Multiple views gait recognition
using view transformation model based on optimized gait energy image’.
IEEE Int. Conf. Computer Vision Workshops, 2009, Kyoto, Japan, October
2009, pp. 1058–1064

[156] Zheng, S., Zhang, J., Huang, K., et al.: ‘Robust view transformation model for
gait recognition’. IEEE Int. Conf. Image Processing, 2011, Brussels, Belgium,
September 2011, pp. 2073–2076

[157] Muramatsu, D., Shiraishi, A., Makihara, Y., et al.: ‘Arbitrary view
transformation model for gait person authentication’. IEEE Int. Conf.
Biometrics: Theory, Applications and Systems, 2012, Arlington, VA, USA,
September 2012, pp. 85–90

[158] Muramatsu, D., Makihara, Y., Yagi, Y.: ‘View transformation model
incorporating quality measures for cross-view gait recognition’, IEEE Trans.
Cybern., 2016, 46, (7), pp. 1602–1615

[159] Kusakunniran, W., Wu, Q., Zhang, J., et al.: ‘Support vector regression for
multiview gait recognition based on local motion feature selection’. IEEE
Conf. Computer Vision and Pattern Recognition, 2010, 2010, pp. 974–981

[160] Kusakunniran, W., Wu, Q., Zhang, J., et al.: ‘Gait recognition under various
viewing angles based on correlated motion regression’, IEEE Trans. Circuits
Syst. Video Technol., 2012, 22, (6), pp. 966–980

[161] Kusakunniran, W., Wu, Q., Zhang, J., et al.: ‘Cross-view and multi-view gait
recognitions based on view transformation model using multi-layer
perceptron’, Pattern Recogn. Lett., 2012, 33, (7), pp. 882–889

[162] Muramatsu, D., Shiraishi, A., Makihara, Y., et al.: ‘Gait-based person
recognition using arbitrary view transformation model’, IEEE Trans. Image
Process., 2015, 24, (1), pp. 140–154

[163] Muramatsu, D., Makihara, Y., Yagi, Y.: ‘Cross-view gait recognition by fusion
of multiple transformation consistency measures’, IET Biometrics, 2015, 4,
(2), pp. 62–73

[164] Huang, X., Boulgouris, N.V.: ‘Human gait recognition based on multiview
gait sequences’, EURASIP J. Adv. Signal Process., 2008, 2008, (1), p. 629102

[165] Bashir, K., Xiang, T., Gong, S.: ‘Cross view gait recognition using correlation
strength’ (BMVC, Aberystwyth, UK, 2010), pp. 1–11

[166] Liu, N., Lu, J., Tan, Y.P.: ‘Joint subspace learning for view-invariant gait
recognition’, IEEE Signal Process. Lett., 2011, 18, (7), pp. 431–434

[167] Xu, W., Luo, C., Ji, A., et al.: ‘Coupled locality preserving projections for
cross-view gait recognition’, Neurocomputing, 2017, 224, pp. 37–44

[168] Hu, H.: ‘Enhanced Gabor feature based classification using a regularized
locally tensor discriminant model for multiview gait recognition’, IEEE
Trans. Circuits Syst. Video Technol., 2013, 23, (7), pp. 1274–1286

[169] Lu, J., Tan, Y.P.: ‘Uncorrelated discriminant simplex analysis for view-
invariant gait signal computing’, Patt. Recogn. Lett., 2010, 31, (5), pp. 382–
393

[170] Hu, H.: ‘Multiview gait recognition based on patch distribution features and
uncorrelated multilinear sparse local discriminant canonical correlation
analysis’, IEEE Trans. Circuits Syst. Video Technol., 2014, 24, (4), pp. 617–
630

[171] Mansur, A., Makihara, Y., Muramatsu, D., et al.: ‘Cross-view gait recognition
using view-dependent discriminative analysis’. IEEE Int. Joint Conf.
Biometrics, 2014, Clearwater, FL, USA, October 2014, pp. 1–8

[172] Makihara, Y., Mansur, A., Muramatsu, D., et al.: ‘Multi-view discriminant
analysis with tensor representation and its application to cross-view gait
recognition’. IEEE Int. Conf. Workshops on Automatic Face and Gesture
Recognition, Ljubljana, Slovenia, May 2015, vol. 1, pp. 1–8

[173] Connie, T., Goh, K.O.M., Teoh, A.B.J.: ‘Multi-view gait recognition using a
doubly-kernel approach on the Grassmann manifold’, Neurocomputing, 2016,
216, pp. 534–542

[174] Connie, T., Goh, M.K.O., Teoh, A.B.J.: ‘A Grassmannian approach to address
view change problem in gait recognition’, IEEE Trans. Cybern., 2017, 47, (6),
pp. 1395–1408

[175] Liu, N., Lu, J., Yang, G., et al.: ‘Robust gait recognition via discriminative set
matching’, J. Vis. Commun. Image Represent., 2013, 24, (4), pp. 439–447

[176] Hur, D., Wallraven, C., Lee, S.W.: ‘View invariant body pose estimation
based on biased manifold learning’. 20th Int. Conf. Pattern Recogn., 2010,
Istanbul, Turkey, August 2010, pp. 3866–3869

[177] Jia, N., Sanchez, V., Li, C.T.: ‘On view-invariant gait recognition: a feature
selection solution’, IET Biometrics, 2018, 7, (4), pp. 287–295

[178] Jean, F., Bergevin, R., Albu, A.B.: ‘Computing and evaluating view-
normalized body part trajectories’, Image Vis. Comput., 2009, 27, (9), pp.
1272–1284

[179] Jean, F., Albu, A.B., Bergevin, R.: ‘Towards view-invariant gait modeling:
computing view-normalized body part trajectories’, Pattern Recogn., 2009,
42, (11), pp. 2936–2949

[180] Goffredo, M., Bouchrika, I., Carter, J.N., et al.: ‘Self-calibrating view
invariant gait biometrics’, IEEE Trans. Syst. Man, Cybern., Part B (Cybern.),
2010, 40, (4), pp. 997–1008

[181] Kusakunniran, W., Wu, Q., Zhang, J., et al.: ‘A new view-invariant feature for
cross-view gait recognition’, IEEE Trans. Inf. Forensics Sec., 2013, 8, (10),
pp. 1642–1653

[182] Zeng, W., Wang, C.: ‘View-invariant gait recognition via deterministic
learning’, Neurocomputing, 2016, 175, pp. 324–335

IET Biom., 2019, Vol. 8 Iss. 1, pp. 14-28
© The Institution of Engineering and Technology 2018

27



[183] Castro, F.M., Marín Jimenez, M.J., Medina Carnicer, R.: ‘Pyramidal fisher
motion for multiview gait recognition’. IEEE Int. Conf. Pattern Recognition
(ICPR), 2014, Stockholm, Sweden, August 2014, pp. 1692–1697

[184] Castro, F.M., Marín Jiménez, M.J., Mata, N.G., et al.: ‘Fisher motion
descriptor for multiview gait recognition’, Int. J. Pattern Recogn. Artif. Intell.,
2017, 31, (01), p. 1756002

[185] Zhao, X., Jiang, Y., Stathaki, T., et al.: ‘Gait recognition method for arbitrary
straight walking paths using appearance conversion machine’,
Neurocomputing, 2016, 173, pp. 530–540

[186] Bodor, R., Drenner, A., Fehr, D., et al.: ‘View-independent human motion
classification using image-based reconstruction’, Image Vis. Comput., 2009,
27, (8), pp. 1194–1206

[187] Zhao, G., Liu, G., Li, H., et al.: ‘3D gait recognition using multiple cameras’.
In: IEEE Int. Conf. Automatic Face and Gesture Recognition, 2006,
Southampton, UK, April 2006, pp. 529–534

[188] Zhang, Z., Troje, N.F.: ‘View-independent person identification from human
gait’, Neurocomputing, 2005, 69, (1), pp. 250–256

[189] Tang, J., Luo, J., Tjahjadi, T., et al.: ‘Robust arbitrary-view gait recognition
based on 3D partial similarity matching’, IEEE Trans. Image Process., 2017,
26, (1), pp. 7–22

[190] Luo, J., Tang, J., Tjahjadi, T., et al.: ‘Robust arbitrary view gait recognition
based on parametric 3D human body reconstruction and virtual posture
synthesis’, Pattern Recogn., 2016, B60, pp. 361–377

[191] López Fernández, D., Madrid Cuevas, F.J., Carmona Poyato, A., et al.:
‘Entropy volumes for viewpoint-independent gait recognition’, Mach. Vis.
Appl., 2015, 26, (7–8), pp. 1079–1094

[192] López Fernández, D., Madrid Cuevas, F.J., Carmona Poyato, A., et al.: ‘A
new approach for multi-view gait recognition on unconstrained paths’, J. Vis.
Commun. Image Represent., 2016, 38, pp. 396–406

[193] Roy, A., Sural, S., Mukherjee, J., et al.: ‘Occlusion detection and gait
silhouette reconstruction from degraded scenes’, Signal Image Video Process.,
2011, 5, (4), p. 415

[194] Roy, A., Chattopadhyay, P., Sural, S., et al.: ‘Modelling, synthesis and
characterisation of occlusion in videos’, IET Comput. Vis., 2015, 9, (6), pp.
821–830

[195] Ortells, J., Mollineda, R.A., Mederos, B., et al.: ‘Gait recognition from
corrupted silhouettes: a robust statistical approach’, Mach. Vis. Appl., 2017,
28, (1–2), pp. 15–33

[196] Wu, Z., Huang, Y., Wang, L., et al.: ‘A comprehensive study on cross-view
gait based human identification with deep CNNS’, IEEE Trans. Pattern Anal.
Mach. Intell., 2017, 39, (2), pp. 209–226

[197] Wolf, T., Babaee, M., Rigoll, G.: ‘Multi-view gait recognition using 3D
convolutional neural networks’. IEEE Int. Conf. Image Processing, 2016,
Phoenix, AZ, USA, 2016, pp. 4165–4169

[198] Takemura, N., Makihara, Y., Muramatsu, D., et al.: ‘On input/output
architectures for convolutional neural network-based cross-view gait

recognition’, IEEE Trans. Circuits Syst. Video Technol., 2017, https://doi.org/
10.1109/TCSVT.2017.2760835

[199] Uddin, M.Z., Kim, M.R.: ‘A deep learning-based gait posture recognition
from depth information for smart home applications’. Int. Conf. Computer
Science and its Applications, Singapore, 2016, pp. 407–413

[200] Feng, Y., Li, Y., Luo, J.: ‘Learning effective gait features using LSTM’. In:
Int. Conf. Pattern Recognition, 2016, Cancun, Mexico, 2016, pp. 325–330

[201] Yu, S., Chen, H., Wang, Q., et al.: ‘Invariant feature extraction for gait
recognition using only one uniform model’, Neurocomputing, 2017, 239, pp.
81–93

[202] Yu, S., Chen, H., Reyes, E.B.G., et al.: ‘Gaitgan: invariant gait feature
extraction using generative adversarial networks’. IEEE Conf. Computer
Vision and Pattern Recognition Workshops, 2017, Honolulu, Hawaii, 2017,
pp. 532–539

[203] Sarkar, S., Phillips, P.J., Liu, Z., et al.: ‘The humanid gait challenge problem:
data sets, performance, and analysis’, IEEE Trans. Pattern Anal. Mach.
Intell., 2005, 27, (2), pp. 162–177

[204] Guha, T., Ward, R.: ‘Differential radon transform for gait recognition’. IEEE
Int. Conf. Acoustics Speech and Signal Processing, 2010, Dallas, TX, USA,
2010, pp. 834–837

[205] Makihara, Y., Mannami, H., Tsuji, A., et al.: ‘The OU-ISIR gait database
comprising the treadmill dataset’, IPSJ Trans. Comput. Vis.Appl., 2012, 4, pp.
53–62

[206] Gross, R., Shi, J.: ‘The CMU motion of body (MOBO) database’, Tech.
Report, CMU-RI-TR-01-18, Robotics Institute, Carnegie Mellon University,
2001

[207] Veeraraghavan, A., Chowdhury, A.R., Chellappa, R.: ‘Role of shape and
kinematics in human movement analysis’. IEEE Conf. Computer Vision and
Pattern Recognition, 2004, Washington, DC, USA, 2004, vol. 1, pp. I–I

[208] Veeraraghavan, A., Roy Chowdhury, A.K., Chellappa, R.: ‘Matching shape
sequences in video with applications in human movement analysis’, IEEE
Trans. Pattern Anal. Mach. Intell., 2005, 27, (12), pp. 1896–1909

[209] Kusakunniran, W., Wu, Q., Li, H., et al.: ‘Automatic gait recognition using
weighted binary pattern on video’. IEEE Int. Conf. Advanced Video and
Signal Based Surveillance, 2009, Genova, Italy, 2009, pp. 49–54

[210] Huang, S., Elgammal, A., Huangfu, L., et al.: ‘Globality-locality preserving
projections for biometric data dimensionality reduction’. IEEE Conf.
Computer Vision and Pattern Recogntion Workshops, Columbus, Ohio, USA,
2014, pp. 15–20

[211] Huang, S., Elgammal, A., Lu, J., et al.: ‘Cross-speed gait recognition using
speed-invariant gait templates and globality–locality preserving projections’,
IEEE Trans. Inf. Forensics Sec., 2015, 10, (10), pp. 2071–2083

[212] Kusakunniran, W., Wu, Q., Zhang, J., et al.: ‘Gait recognition across various
walking speeds using higher order shape configuration based on a differential
composition model’, IEEE Trans. Syst. Man, Cybern, Part B (Cybern.), 2012,
42, (6), pp. 1654–1668

28 IET Biom., 2019, Vol. 8 Iss. 1, pp. 14-28
© The Institution of Engineering and Technology 2018


