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Abstract

Gait has been well known as an unobtrusive promising biometric to identify a person from a distance. However, the
effectiveness of silhouette-based approaches in gait recognition is diluted due to variations of view angles. In this paper, we
put forward a novel and effective method of gait recognition: cross-view gait recognition based on ensemble learning. The
proposed method greatly enhances the effectiveness and reduces the sensitivity of gait recognition under various view
angles conditions. Furthermore, in this paper we will introduce a novel algorithm based on ensemble learning for com-
bining several gait learners together, which utilizes a well-designed gait feature based on area average distance. Through
experimental evaluations on the well-known CASIA gait database and OU-ISIR gait database, our paper demonstrates the
advantages of the proposed method in comparison with others. The contribution of this research work is to resolve the
multiview angles problem of gait recognition through assembling several gait learners.

Keywords Gait recognition - Cross-view - Ensemble learning - Gait classification

1 Introduction

Gait is composed of complicated human actions integrated
movements of body parts and joints together. As an
effective biometric [1, 2], human gait has a great deal of
advantages over classical biometrics, such as human face,
fingerprint, iris. (1) Unobtrusiveness. Most of the existing
biometrics require direct contact, specific postures or fixed
emotions for pattern classifications, while gait recognition
generally works in a natural way which does not need
special notifications for identifying persons. (2) Gait ima-
ges and videos are usually captured from a very far dis-
tance. Unlike face recognition, gait recognition utilizes
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vision techniques to identify a person with a very low
resolution. Thus, gait recognition is a simple, attractive,
and effective method. (3) Gait images and videos are easily
taken using normal cameras like the one set forth in a
mobile phone. Even with low-quality images, gait recog-
nition algorithms can still work [3].

However, gait recognition remains a challenging prob-
lem in real applications, namely most of the existing gait
recognition algorithms only work well under the best
condition of image and video acquisition [4]. Corre-
spondingly, the performance of gait recognition algorithms
is dimmed due to varying illumination, view angles, human
clothing, etc. In this paper, a novel identification approach
of cross-view gait recognition based on ensemble learning
(CVGR-EL) is proposed. The CVGR-EL method takes use
of a novel gait representation, i.e., gait features based on
area average distance (AAD), which enhances the effec-
tiveness and reduces the sensitivity to variations of various
view angles conditions. In this paper, we will develop a
novel algorithm to ensemble several learners and achieve
gait recognition.

The contributions of this research work are summarized
as follows: (1) A well-designed gait feature representation.
Based on area average distance, we propose a novel feature
representation and corresponding feature extraction method
that makes the best use of intrinsic characteristics of human
gaits and improves gait recognition rate. (2) A novel view-
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dependent base-learners training using the proposed gait
feature representation. We draw random gait training sets
from the extracted AAD-based gait features for training a
set of HMM learners. (3) Gait classification based on
ensemble learning. To combine multiple base learners, we
present a novel voting-like method.

This paper is structured as follows. The state-of-the-art
technologies of gait recognition are presented in Sect. 2.
Next, the feature extraction and classification algorithms
for gait recognition are described in Sect. 3. In Sect. 4, our
experimental results by using CASIA gait dataset [5] and
OU-ISIR gait database [6] are shown and discussed.
Finally, in Sect. 5 we will conclude the contributions of this
paper and envision our future work.

2 Related work

As emerging biometrics, human gait has attracted more and
more attention of scientists [1, 2, 4, 5] in digital forensics
and computer vision. Compared to those traditional bio-
metric technologies, such as fingerprint and face recogni-
tion, gait recognition has to confront more challenges and
is currently in its infancy. One of the challenges is how to
overcome the problem of angular variety between the
directions of the camera pointed in and the target person,
the camera may be held with hand or fixed by a tripod in
this case. Another challenge in gait recognition is the
problem caused by clothes and belongings of the walking
person, such as wearing a heavy coat or carrying with a
very big bag. These problems affect the recognition rate of
gait recognition. The focus of existing work is mainly on
feature selection, feature extraction, and recognition rates.
According to gait features, most of the recent gait recog-
nition methods are roughly grouped into three categories:
static-feature-based, dynamic-feature-based, and hybrid-
feature-based methods.

Approaches of gait recognition based on static-gait
features [7-12] directly utilize geometric information of
human body from picture sequences and generally have
higher computational cost. Moustakas et al. [7] proposed
an efficient framework for augmenting gait recognition
with soft biometric information. It was confined to simple
and static gait features such as user height and stride
length. Huang and Boulgouris [8] presented a gait recog-
nition system which used the shifted energy image and the
gait structural profile. Two gait features are robust to
appearance variations such as clothing and carrying con-
ditions, but are still sensitive to angle variations of view. In
[9], Procrustes shape analysis was used for gait feature
description and similarity measurement; a higher-order
shape configuration is proposed for gait shape description.
This method tackled the problem caused by walking speed
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change. Rida et al. [10] proposed a gait recognition method
for selecting the most discriminative part of the human
body based on group Lasso of motion. This method can
significantly improve the recognition rate in the case of
clothing variation. Theekhanont et al. [11] presented a gait
recognition method by using Gait Energy Image (GEI) and
pattern trace transform. This method is simple and easy to
be implemented, but its recognition rate needs to be
improved. Furthermore, a Gabor wavelets-based gait
recognition algorithm was proposed [12], which employs
two-dimensional principal component analysis

((2D)*PCA) method to reduce the dimension of feature
space. In a word, these static features of gait recognition
are generally confronting with changing appearances of a
walking person under a diversity of conditions such as
walking speed, clothing and belongings of the walker,
shooting angle of the camera, etc.

On the other hand, those gait recognition methods based
on dynamic features have also drawn a great attention. The
methods based on dynamic features [13—21] take temporal
characteristics of gait into consideration, which reflects the
differences of human posture, motion amplitude and
walking velocity. Zhang et al. [13] proposed a method,
namely super-resolution with manifold sampling and back-
projection, to learn the dynamic gait features, which is
much efficient with low-resolution cases. In [14], a sparse
bilinear discriminant analysis based on dynamic gait fea-
tures using discriminant subspace learning was proposed.
Muramatsu et al. [15] proposed a gait recognition algo-
rithm that can achieve a high recognition rate, which only
focused on the case of view issue and omitted the other
factors. In [16], an arbitrary view transformation model
was presented, which can match a pair of gait features from
an arbitrary view. However, its performance is not always
so good in verification tasks without score normalization.
Sruti and Tardi [17] proposed a two-phase view-invariant
gait recognition method, which is robust to variation in
clothing and carried condition. Nonetheless, this method
requires the availability of closely matching test view with
the training dataset. Hu et al. [18] presented an incremental
framework based on optical flow, including dynamics
learning, pattern retrieval and recognition. This method
improved the usability of gait recognition in video
surveillance applications, but suffered from view angle
variations. Connie et al. [19] proposed a method which can
generate virtual views to compensate the view difference in
query and reference sets. The method offers a bridge
between conventional methods and manifold-matrix-based
approaches for gait recognition problems. Muramatsu
et al. [20] presented a view transformation model which
incorporates a score normalization framework with quality
measures that encode the degree of the bias. The
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limitations of this method are that the recognition rate is
little improved in several angle of view, an additional
training dataset for parameter evaluation is required.
In [21], a Siamese neural network-based gait recognition
framework was developed to extract robust and discrimi-
native gait features. Because its architecture of distance
metric learning can well solve the verification problem of
gait recognition, this method can achieve a better recog-
nition rate in the case of moderate variations of view angle.

Because both static features and dynamic features of
human gaits are merely a subset of the entire feature set
and cannot reflect inherent characteristics of human gait
globally which eventually affect the recognition rate of gait
recognition partially. Therefore, to improve the final cor-
rect classification rate (CCR), hybrid-feature-based meth-
ods [22-28] have provided a promising way. Boulgouris
and Huang [22] proposed a gait recognition method, which
used the holistic and model-based gait features to enhance
the discriminatory capacity. Islam et al. [23] presented a
wavelet-based feature extraction method for gait recogni-
tion, and a template matching-based approach is employed
in the classification process. Aggarwal and Vish-
wakarma [24] proposed a covariance conscious approach
to deal with variations in clothing and carrying conditions.
In this method, Zernike moment invariants were used, gait
features were extracted from spatial distribution. Wang
et al. [25] described a gait recognition method by com-
bining static and dynamic biometrics. This method used
both Procrustes shape information and joint-angle trajec-
tories of lower limbs, which improved the recognition rate.
Cuntoor et al. [26] presented a gait recognition method,
which employed different gait features, and this method
used both probabilistic and non-probabilistic techniques to
match the features. Nevertheless, because this method
utilized the swing of hands, it was sensitive to variations of
carrying conditions. Veres et al. [27] proposed a gait
recognition method based on fusion of dynamic and static
features which aimed to deal with the problem of gait
recognition when time-dependent covariates are involved.
The method can improve the recognition rate with time-
dependent covariance, but it generally involved reducing
the dimensionality of datasets and obtained different sets of
features by using feature refining algorithms. In [28], a gait
recognition method was proposed to analyze silhouette
boundary and further convert it into associated 1D signals.
This special idea reduces the computational cost of the
subsequent processes. In addition, with the successful
applications of Deep Learning techniques in image repre-
sentation and processing [29, 30], some researchers tried to
solve the problem of gait recognition by using deep neural
networks (DNN) [2, 31]. Although in theory, as long as the
number of layers in a DNN is enough, a good set of

features can always be extracted, the training costs of DNN
are very high and the extracted features are not intuitive.

The existing work has shown that gait recognition is a
sophisticated problem, which is dependent on feature
selection, feature extraction, learner design and other fac-
tors. To the best of our knowledge, there are quite few of
comprehensive studies [32-34] for gait recognition by
taking ensemble learning into consideration though a lot of
research work has implemented multiple learners in this
field. Thus, in this paper, we will present a new solution for
cross-view gait recognition based on ensemble learning
(CVGR-EL). Compared to previous approaches, the new
solution will employ a novel gait representation, namely
AAD-based gait features. Secondly, we use a scaling-fac-
tor-based method to train a set of view-dependent HMM
gait learners. Finally, we propose a novel gait recognition
based on ensemble learning and design three experiments
to test the advantages of our method on CASIA gait
database and OU-ISIR gait database.

3 Our proposed methods

Feature selection and feature extraction are fundamental
problems in gait recognition. In the CVGR-EL method, a
well-designed gait feature is selected and used in our
learners. The proposed method mainly includes five steps:
(1) Half gait-cycle segmentation to split a gait video by
analyzing differences of the entire region of a walker’s
human body. (2) AAD-based gait feature extraction. In this
step, we extract a new gait feature based on the distance
between two regions; (3) View-dependent HMM models
training. A set of HMM gait learners are constructed and
trained according to different views; (4) Gait classification
based on ensemble learning. A set of view-dependent
HMM learners are used to classify gaits in a test set and the
results are combined. The flowchart of our algorithm is
shown in Fig. 1, where a set of AAD-based gait features
from the view k is used for training the HMM learner, the
outcome of learner k is used as the input of HMM
classifications.

As the preprocess of feature extraction, automatically
gait-cycle segmentation is the initial step of gait recogni-
tion. Taking into account of computational complexity of
the segmentation algorithm and diversity of multiple views
of human gaits, we extract each half gait cycle by counting
the number of pixel changes in the region of the entire body
of a walker. Observational results show that in the process
of human walking, the area of the walker’s body alters
regularly as shown in Fig. 2. When two legs of a gait
separate to the maximum distance, no matter from which
view, the area of gait region reaches its local maxima. We
therefore define the boundary of the half gait cycle as the
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Fig. 2 The area changes of a worker’s body in consecutive video
frames

threshold so as to extract a series of half-cycle gait when
the area reaches its maxima. However, when the angle is
less than 10 degrees, especially close to degree 0, there is a
possibility that the automatic segmentation fails; therefore,
we need to adjust the parameters.
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3.1 AAD-based gait features extraction

There are two main methods to extract static-gait features:
one is based on the silhouettes of walkers’ body; the other
is based on the region. Both of these two methods have
their advantages and disadvantages. The first one better
reflects the detailed changes of human gait; however, it
requires highly accurate operations to extract silhouettes;
therefore, the silhouette segmentation needs more time. In
this paper, a novel method of static-gait feature extraction
based on the average distance is proposed, which is able to
make the best use of walkers’ gait and improve gait
recognition significantly. After foreground detection and
binarization processing [1], a pixel P(x, y) of the silhouette
image I is expressed as,

1 (x,y)€H
P =
(x,) { 0 others

(1)

where H is a collection of pixels located at the body region.
Based on the silhouette of the segmented region of the
body, we calculate barycentric coordinates of the gait area
as shown in Fig. 3. The centroid of this gait region is
calculated as defined in Eqgs. (2) and (3).

K= 3o P, @)
yc:%Zy’P(xay), (3)

where n represents the number of pixels in gait area which
is defined as,

AB

(x.y,)

Fig. 3 The centroid of a gait area
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where Hj represents the pixel set in the range (0,0 + 40),
ny, is the number of pixels in Hy, pu(6) is the average
distance of all the pixels in Hy to the barycentric center
(xc,yc) of the region of human body. In this paper, we
calculate the average distance between all the pixels within
the angle range, the region center of the human body is
shown in Fig. 3. The sum of these distances in a gait region
is defined as,

D(0) = /0 e /0 " 2drdo. (6)

The area of a region of human body with an angle of 0 is
defined as,

0+40 ro
V(0) = / / rdrdo. (7)
0 0

Based on Eqgs. (6) and (7), we derive the average distance
from all pixels in the given region of the centroid of the
body d(0) as shown in Eq. (8) and construct the static
feature vectors that will be used as the input of each HMM
gait model.

d(0) = —-. (8)

By utilizing the average distance of gait area as a feature
representation, we propose a novel method of static-feature
extraction for gait recognition. The scale of the final gait
vector is decided on the parameter A6 as shown in
Egs. (6)—(8). From Fig. 3, we see that the value range of 40
is [1, 360]. Even when we set 46 to 1°, the final gait vector
only has 360 elements, which is far less than that in tra-
ditional GEI-based methods. Furthermore, based on the
experimental result, as shown in Fig. 4, we usually set 40
to 10°, which will reduce computational complexity of the
proposed method greatly.

Meanwhile, based on experimental experience, we
select the angular parameter 40 as 10° and get a 36-di-
mension feature vector. When 46 adopts a larger value, the
recognition rate will be significantly reduced; on the other
hand, when 40 is smaller than 10°, the recognition rate will
be lifted very small, but the corresponding computational
time will be increased as shown in Fig. 4. With regard to
Case 1 of our experiment, we only use the normal data in

Average Recognition rate(%)

88

(a) Variations of gait recognition rates
3500
3000 ‘\
2500 \\ —&-Casel
2000 \\\ —e—Case2
o\

1000

——Case3

Average consuming time (ms)

500

(b) Variations with the computational time

Fig. 4 Variations of recognition rates and computational complexity
with the changes of 40

CASIA gait dataset B; for Case 2, we adopt all the data in
CASIA dataset B; for Case 3, we utilize all the data in
CASIA dataset A. Hereinafter, Case 1, Case 2 and Case 3
are a set of experiments we will detail them later in Sect. 4.

3.2 View-dependent training of HMM learners

In this section, we will discuss the training process of base
learners. We ensemble several view-dependent learners
which are trained by using gait data from different views of
the same individual separately. In the proposed cross-view
gait recognition, we use HMM as base learners which yield
a ranking together with a score function. HMM is one of
the time series methods which have been extensively used
in speech, pedestrian and human behavior recognition.
However, when HMM is employed to a complex problem,
like gait recognition, it is still a promising solution in
parameter optimization and model training.

To simulate the natural way of knowledge acquisition,
HMM models are utilized to classify human gaits based on
static features. The forward—backward algorithm is a spe-
cial case of Expectation Maximization (EM) [35], which is
based on dynamic programming to improve model
parameters. In the iterations, the forward variable « and the
backward variable § are used in the forward-backward
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algorithm, o rapidly approaches to 0 as time goes by;
meanwhile, f§ quickly tends to 0. In the calculation of ¢,
f will have very small intermediate values, which will
result in the problems of numerical underflow. Thus, we
apply scaling factors to the traditional forward—backward
algorithm of HMM, which makes the training process of
HMM more robust. In addition, we propose a discriminant
distance-based method to initialize matrix B of the HMM
model.

In a half gait cycle, there are two feet moving simulta-
neously in the alternative states: lift right leg, lift left foot,
so on and so forth. We extract key frames from each half
gait cycle automatically, which will be used to define the
HMM model of each walker as shown in Fig. 5. A gait
model based on HMM is denoted as,

.= (N,M,n,A,B), 9)

where N is the number of hidden states, M is the length of
observation sequence, 7 is the initial state probability
matrix, A is the state transition probability matrix, and B is
the transition matrix between visible and latent states.

(a) The maximum  (b) A medium  (€) Two feet
span with the left span with the are standing
foot in front left foot in front together

i)

(d) A medium (€) The maxi-
span with the mum span with
right foot in the right foot in
front front

Fig. 5 Five key states in a half gait cycle
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To select the optimal number of hidden states, many
existing methods use the trial and error strategy, which
involves computing a score. In our work, a k-means-based
algorithm was used to decide the optimal number of hidden
states [36]. In the HMM model, the initial value of 7 and
transition matrix A have little influence on the sequential
model as mentioned in the literature [37]. Based on our
experience, in human normal walking procedure, the speed
is roughly constant; the five key states, as shown in Fig. 5,
have similarly approximate probabilities, so we simply set
the initial value of 7 as Eq. (10); besides, considering the
continuity of the five key states, we set the initial value of
A as Eq. (11), instead of a simple diagonal matrix.

m=1[0.2,0.2,0.2,0.2,0.2] (10)
0.5 03 007 003 01
0.1 0.5 03 007  0.03
A=]003 0.1 0.5 03  007| (11)
007 003 0.1 0.5 0.3
03 007 003 0.1 0.5

Initialization of the matrix B is a bit tough, which will
greatly influence the training result of gait model. We
present a discriminant distance-based method to create
initial matrix B as,

B— {aeﬁa<x<r>ﬁen>], (12)

where o and [ are constants, D(x(t),e,) is the distance
between the observation vector at time ¢ and the nth latent
vector e,. In order to find out matrix B, we need to obtain
the state sequence ey, €3, . . ., e, so that we use the k-means
algorithm to cluster the given gait sequences and set each
cluster center as the value of & Given the number of
samples in clustering ¢, as Kj, the corresponding average
value m; is calculated as,

| &
; :Ej;l"’ (13)

For each cluster, we obtain the sum of Euclidean distances
between the corresponding center and all the samples in the
class, i.e., errant sum of the squares. Then, the discriminant
distance to initialize matrix B is calculated by adding up all
the errant sums of each cluster together. When Eq. (14)
reaches the minima or the clustering centers do not change
in the iterative process, we get the optimized clustering
results and therefore construct the target state sequence
er,e,. .., e, by using,
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=1
Se=2_> llt=mil. (14)

nleg;

After having established HMM gait models for all gaits and
initialized them, we present an improved forward—back-
ward algorithm based on scaling factors to train the HMM
model. The new forward variables are defined as,

a1 (i) = m(i)bi, (15)
(i) = ZN() =, (10
N

%y () bk, Z o, (i)ay, (17)
%1() _ %1(7)
Zj{vzl %rp1()) Pr1

where 1 <i<N,1<j<Nandtr=1,2,...,T — 1.
Accordingly, the new backward variables are,

%, (J) =

(18)

Br(i) = 1,1<i<N, (19)
pr(i) = ]lv <i<N, (20)
Bi(i) =j§N1:aubjk,+,ﬁ?+l(j),l<t<T— 1, (21)
Bii) = B,(i)/ . (22)

In addition, when calculating the probability P(O|1) gen-
erated by a sequence of observations in a HMM model, the
method to eliminate the scaling factor is also improved. In
the optimization of each forward variable, scaling factors
are used to optimize the process, we deduce,

o (i) = o)/ 1 B... D, (23)

N N
=3 %0) =Y w(j)/P1®r... Py (24)
J=1

J=1

Then, we get,

> o)) = 1®,...0;. (25)

j=1

Finally, P(O|4) is calculated by,

Ol/L ZO(T

In the improved algorithm, P(O|4) needs to be calculated
according to Eq. (26). Because both the numerator and
denominator contain the common factor to be canceled, the
equation can be directly simplified. Meanwhile, when more

= 0,P,... 7, (26)

than one observation sequence of the training HMM
models is adapted, the evaluations of HMM are redefined
as,

S ¥/ iU @7)

[ ’

D WD MU V)
B A v 0
NOYS
Ejk_zll tlot /t()’ (29)
Zl IEI le ( /)
where 1 <i<N, 1<j<N,and 1 <k<M.

According to the steps of iterations, we gradually refine
the parameters of HMM gait models until the parameters of
the three matrices in the model are basically unchanged or
the value of P(O|]) is maximized, we get the optimized
parameters. When the sum of squares of differences of all
the matrix parameters between two adjacent iterations is
lower than a given threshold, we think these matrices to be
substantially unchanged. In our experiments, this threshold
was set to 0.001. In a nutshell, by introducing scaling
factors into the forward-backward algorithm, we thus
avoid the problems of numerical underflow and effectively
estimate the parameters of each gait model.

; (28)

3.3 Gait recognition based on ensemble learning

Ensemble learning is to enhance recognition rates through
combining a set of view-dependent HMM learners toge-
ther. Compared with existing ensemble learning methods,
the outstanding feature of our method is the exploration of
intrinsic characteristics of human gaits through a well-de-
signed gait feature representation and the decision combi-
nation process by using Bayesian inference. Our aim is to
ensemble n base learners L;(i = 1,2,...,n) with an addi-
tional combination learner C. The base learners L; are
working with the original AAD-based gait features, while
the combination learner C is based on the output of the base
learners L;. There are three main problems to be solved in
gait recognition based on ensemble learning: (1) extract
well-designed gait features for training process; (2) select
valid base learners and train them; (3) choose a combina-
tion strategy to ensemble these base learners into a strong
learner. Till now, we have solved the first two problems by
extracting AAD-based gait features and used them to train
HMM learners. This section will focus on how to ensemble
these base learners into a combination one. Formally, we
set the ranking returned by the ith base learner as:

RHi = ((Cl,vl),(Cz,Vz),...,(CM,VM)), (30)

where M is the number of the ranks from base learner L;,
ci(j=1,2,...,M) is the code related to the input gait, and
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vy is the value of corresponding score function on rank
J- Following the framework proposed in [38], we construct
the score function based on a probability distribution that is
estimated by transforming each score to the empirical
distribution. The rank is listed in ascending order according
to the scores. Finally, the combination learner is fed with
the output of the base learners and yields a refined ranking.

The proposed gait recognition algorithm based on
ensemble learning is presented as Algorithm 1.

Algorithm 1  Gait recognition based on ensemble learning

Input: Training video and test video
Output: Results of gait recognition
Step 1. Segment input training and test videos into half
gait cycles, group them into several categories according
to their view angles. The number of groups is determined
by the capacity of gait database, type of gait data, and
quantity of each gait data.
Step 2. Extract the AAD-based gait features as described
in Sect. 3.1
Step 3. Train view-dependent HMM gait learners. Each
HMM learner is trained using a different feature set
extracted from special view angles, and the detailed
training process is described in Sect. 3.2.
Step 4. Gait classification using the trained HMM
models. The forward algorithm is employed to classify
the feature vectors using the well-trained HMM model,
the corresponding class confidence is calculated.
Step 5. Decision combination. In this step, we use
Bayesian inference to derive the joint probability of each
HMM learner. Assuming that the event, which the gait of
the jth individual has been imported to the base learner
L, is Ej(j=1,2,...,N), N is the total number of
individuals in our gait database, Oy denotes the fact that
the leaner L; classifies the input gait to the kth individual,
then we can obtain the probability of gait recognition by
using Bayesian theorem,
P(Ej\Ok) — 5(EJ)P(0]¢|EJ)) ’ (31)
>_i—1 P(E))P(O|E)))

Given a gait E;, the classification is corrected with
probability p. Then, we obtain

p k=j
P(OE) =1 1-p oy (32)
N_1 J

Finally, after estimating the matching threshold [39], for
making an ensemble decision, we compute the joint
probability,
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In summary, in order to improve the precision of cross-
view gait recognition, we propose a novel algorithm of gait
recognition based on ensemble learning, which combines a
set of view-dependent HMM learners into a strong learner
and conducts gait recognition.

The algorithm proposed in this paper is a sequential
structure, in which the step with the highest time com-
plexity is the third step, i.e., the EM-based HMM training.
The EM is an algorithm with low computational com-
plexity and low storage overhead, which can be calculated
with very small computational resources [40]. As linear
algebra is used in the EM algorithm, its complexity is
O(m - n*), where m is the number of iterations and n is the
number of parameters. Furthermore, as shown in Egs. (15—
22), the process of adding scaling factors does not change
the time complexity of the original algorithm.

4 Experimental results

In this section, three experiments have been carried out
based on the well-known CASIA gait database [28, 41] and
the OU-ISIR gait database [6]. Because these gait data-
bases are publicly available with limited access restrictions
and widely used in a great deal of the state-of-the-art work,
we used them to design comparative experiments so as to
evaluate the identification performances of the proposed
algorithms. The first experiment was conducted on the
CASIA gait dataset A [28] (former NLPR Gait Dataset).
The purpose of this experiment is to test the performance of
the proposed method and compare the recognition rates of
the proposed method with the state-of-the-art gait recog-
nition techniques. The second experiment was performed
by using the CASIA gait dataset B [41] that is composed of
gait videos from a variety of view angles and complicated
interference conditions, such as wearing different fashion
of clothes, carrying a bag, etc. The purpose of the second
experiment was to analyze the impact of interference
conditions against the recognition rate of the proposed
method. The final experiment was conducted using one of
the datasets in OU-ISIR gait database, which is the largest
gait dataset at present. The purpose of the third experiment
was to generalize the proposed methods. Besides, the
learners in all the experiments are working under a closed
set for identification. We trained them with the data from
all individuals; in the test phase, each gait is classified as
one of the known individuals in the corresponding gait
database.
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Throughout the experiments, the performance of each
related method was measured by using the Correct Clas-
sification Rates (CCR),

TP + TN

R:
cC TP + FP + TN + FN’

(34)

where TP, TN, FP, and FN are the number of true positive,
true negative, false positive, and false negative. To visually
compare the recognition performances of different meth-
ods, cumulative match characteristic (CMC) is employed
as another evaluation criterion, which is regarded as a
thorough comparison because it is based on the variation of
ranks. When calculated the CCR, the rank-1 recognition
rate is used; a correct recognition occurs only when a
sample in the test set is the best matching one from the
training set.

The performance of this proposed CVGR-EL method is
compared to the existing methods [11, 19, 20, 23-25]. The
method in [11] is based on static gait features and the
methods [19, 20] mainly used dynamic gait features;
meanwhile, the methods in [23-25] utilized both types of
gait features. Besides, the work [19, 20] was specially
designed to handle cross-view gait recognition, while the
others [11, 23-25] are general gait recognition methods.
When we implemented and ran the experiments for these
methods, the default parameters reported in the original
papers were deployed.

4.1 Experiments based on CASIA dataset A

In this experiment, the effectiveness of this proposed
method is assessed against the CASIA gait dataset A,
which consists of 20 subjects and each subject has 12
image sequences, 4 sequences for each of the three view
angles, i.e., parallel (marked as 0-ISs), 45° (marked as
45-ISs) and 90° (marked as 90-ISs) to the image plane.
Three base HMM learners are constructed and trained
using training sets from three different views separately.
We design three test cases (TCs) to study the influence of
view angles on CCR as shown in Table 1. Because more
gait features could be easily extracted from the 90-ISs, both
Test Case 1 and Test Case 2 are in use of more samples
from the 90-ISs to form the training set. As the comple-
mentary, the final test takes use of samples which are
eventually selected from all types of image sequences. In
all of the test cases, the split samples were randomly

repeated 1000 times, and the mean and standard deviation
(SD) are presented in Table 2.

The CCRs for each test set are compared with the
existing state-of-the-art methods in Table 2. It is obvious
that the proposed CVGR-EL method achieves perfect CCR
with Test Case 1 and Test Case 2. This is attributed to the
static-gait features which make best use of gait intrinsic
characteristics. More importantly, the proposed method
performs extremely well in the presence of Test Case 3,
where it achieves 95.5% recognition rate. This is 7.7%
better than AESIHZNK [24] which achieved a recognition
rate of 88.1%. Figure 6 shows CMC curves for the average
recognition rate of the three test cases. Among all the seven
curves, the proposed method CVGR-EL shows a better
recognition rate. Thus, the proposed method performs well
in comparison with those existing methods.

4.2 Experiments on CASIA dataset B

The CASIA dataset B provides clear separation of view
angles and other external factors, such as clothing, carry-
ing, which enables our evaluations due to other effects,
such as view and variations on gait recognition. The
CASIA gait dataset B consists of 124 subjects captured
from 11 different angles. Three variations, namely view
angle, clothing, and carrying condition changes, are con-
sidered. The view angles, ranging from O degree to 180
degrees, are separated by an interval of 18°. Corresponding
to each view angle, there are ten videos for each subject
with six videos having the subjects: walking under normal
condition (marked as N-videos), two videos with the sub-
jects: wearing coats (marked as C-videos), and two videos
with the subjects: carrying bags (marked as B-videos).

In this experiment, we divided the gait data with 11
different angels into six sets, i.e., (0°,180°), (18°, 172°),
(36°, 144°), (54°, 126°), (72°, 108°), and the final dataset
(90°). Data from each set are used to train one base HMM
learner respectively; further to study the variations of
CCRs with a range of training data, we construct our own
training sets and test sets to form four test cases (TCs) as
shown in Table 3. In Case 1, we only used N videos and
mainly evaluate the influence of variations in view angles.
Both Case 2 and Case 3 do not take variations into account
in view angles and focus on other external conditions, e.g.,
with or without wearing coats, whether or not carrying
bags, etc. The final case takes both the variations of view

Table 1 The composition of the

. . Training set
training and test sets in

Test set

experiment A TCl1 All the 90-ISs and 50% of the 0-ISs The remaining image sequences
TC2 All the 90-ISs and 50% of the 45-ISs The remaining image sequences
TC3 50% of all types of images sequences The remaining image sequences
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Table 2 Comparison of CCRs

with the state-of-the-art gait Method TC1 (%) SDI TC2(%) SD2 TC3 (%) SD3 Average (%) Total SD
gzct‘;;é;iﬁ:n methods on casia GEI+PTT [11] 815 05 825 043 824 05 8213 0.55
GVC [19] 83.2 047 84.1 0.46 839 0.36  83.73 0.47
VTM [20] 85.2 0.35 86 0.4 85.5 033 85.57 0.4
wEnl [23] 86 0.15 86.3 0.11 859 0.2 86.07 0.21
AESI+ZNK [24] 873 043 88.2 042 88.1 046 87.87 0.49
PSA [25] 90.4 0.87 922 0.79 917 0.83 9142 0.93
CVGR-EL 95.5 0.35 963 0.33 958 0.32 9587 0.4
100.00 ¢ AESIH+ZNK [24] achieved 90.3% recognition rate. The
| —=-GEMPTT average recognition rate reached 92.7%, which is 8% better
3 e :j_g:; than the existing state-of-the-art, wEnl [23]. Figure 7
zg o000 ) :ZE;IHZNK shows CMC curves for the average recognition rate of the
ER e psa four test cases. From Fig. 7, it is apparent that the recog-
= ——CVGR-EL nition rate achieved by the proposed method is the highest

9 11

Rank

13 15 17

Fig. 6 Comparisons using CMC curves based on the CASIA Dataset
A

angles and the other external conditions into account.
Similar to Experiment A, the split samples were randomly
repeated 1000 times in the test, the mean and standard
deviation are presented in Table 4.

The CCRs by using seven different methods are shown
in Table 4 which shows that the proposed method performs
superior in the presence of Test Case 1. The recognition
rate achieved by the proposed algorithm is 96.1%, which is
5.8% better than the existing state-of-the-art methods;

one. This is understandable because the proposed method
ensembles two base learners and conduct gait recognition.

—#-GEPTT

» —e—GVC
—*-VIM
——wEnl

— & - AESI+ZNK
—=—PSA
—e—CVGR-EL

Recognition Rate

11
Rank

Fig. 7 Comparison using CMC curves based on the CASIA dataset B

Table 3 The composition of the

.. . Training set
training and test sets in

Test set

experiment B TC1

TC2
TC3
TC4

50% of N videos with 90 degrees
50% of N videos with 90 degrees
50% of all videos with 90 degrees
50% of all videos with 90 degrees

The remaining N videos
The remaining videos with 90 degrees
The remaining videos with 90 degrees

The remaining videos

Table 4 Comparison of CCRs with the state-of-the-art gait recognition methods on CASIA dataset B

Method TC1 (%) SD1 TC2 (%) SD2 TC3 (%) SD3 TC4 (%) SD4 Average (%) Total SD
GEI4-PTT [11] 83.1 9.8 72.5 9.85 74.8 9.9 59.2 9.51 724 9.91
GVC [19] 85.7 4.38 79.0 4.43 81.5 4.36 75.1 391 80.3 4.45
VTM [20] 88.9 5.59 77.4 5.59 79.9 5.54 76.7 5.07 80.7 5.62
wEnl [23] 86.7 1.64 84.6 1.70 86.7 1.63 83.2 1.02 85.3 1.71
AESIH-ZNK [24] 90.3 4.15 83.1 4.19 85.0 4.13 80.3 4.01 84.7 422
PSA [25] 93.2 4.02 88.5 4.00 89.6 3.99 83.4 3.48 88.7 4.05
CVGR-EL 96.1 2.60 91.3 2.74 93.6 2.65 89.8 2.64 92.7 2.75
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Table 5 The composition of the training and test sets in experiment C

Training set Test set

TC1 50% of the samples in Seq00 The remaining image sequences in Seq00
TC2 50% of the samples in Seq01 The remaining image sequences in Seq01
TC3 50% of the samples in both Seq00 and SeqO1 The remaining image sequences in Seq00 and Seq01

Table 6 Comparison of CCRs

with the Staemfthe-ant gait Method TC1 (%) SDI TC2 (%) SD2 TC3 (%) SD3 Average (%) Total SD

recognition methods on OU- GEL+PTT [11]  75.6 279 76.1 283 80.8 286 775 29

ISIR large population dataset
GVC [19] 77.1 266 795 272 827 271 79.8 28
VTM [20] 79.9 211 773 211 816 216 79.6 22
wEnl [23] 83.2 218 826 221 869 223 836 23
AESI+ZNK [24]  83.1 236 85.9 23 879 238 85.6 24
PSA [25] 90.6 149 91 147 935 151 917 1.6
CVGR-EL 95.7 13 972 129 985 133 97.1 1.4

100.00

o —*-GEI+PTT
—&-GVC
——VTM
—&-wEnl

—=— AESI+ZNK
—=—PSA
——CVGR-EL

95.00

90.00

85.00

Recognition Rate

80.00

75.00

1 3 5 7 9 11 13 15 17 19
Rank

Fig. 8 Comparisons using CMC curves based on the OU-ISIR large
population dataset

4.3 Experiments on OU-ISIR large population
dataset

In this experiment, the effectiveness of the proposed
method is assessed against the OU-ISIR Large Population
Dataset, namely OULP-C1V2. This dataset comprises two
main subsets A and B. A is a set of two sequences per
subject and B is a set of one sequences per subject. In
addition, each of the main subsets is further divided into 5
subsets based on the observation angles, 55°, 65°, 75°, 85°
including all four views. The dataset consists of over 4,000
persons walking on the ground surrounded by 2 cameras at
30 fps, 640 x 480 pixels. But currently, only a form of
size-normalized silhouette sequences is distributed, which
are collected into two folders, Seq00 and Seq01. There are
434,731 silhouette images in Seq00 and 440,558 silhouette
images in Seq01, respectively.

In this experiment, we constructed four base HMM
learners and train them using gait data from four views
independently. Besides, similar as the other two

experiments, we designed three test cases to study the
recognition rates of different methods as shown in Table 5.
In all of the test cases, the split samples were randomly
repeated 1000 times. The mean and standard deviation are
presented in Table 6.

The CCRs based on all of the test cases are compared
with the existing state-of-the-art methods in Table 6. It
shows that the proposed MRGR-FF method performs well
in all cases, especially in Test Case 3. This can be attrib-
uted to the well-designed static-gait features which exca-
vate the essential characteristics of human gait. What is
more significant is that the CVGR-EL method achieves
97.1% average recognition rate, much better than the sec-
ond best method.

Furthermore, Fig. 8 shows CMC curves for the average
recognition rate of the three test cases. Among the seven
curves, the proposed CVGR-EL method shows better
recognition rate compared to those existing methods. The
principal reasons are the well-designed static-gait feature
and the fusion of several HMM learners.

5 Conclusion

In this paper, we have investigated video-based gait
recognition, which can be utilized extensively in surveil-
lance and biometric applications. Firstly, based on area
average distance, we proposed a novel method of static-
feature extraction for gait recognition. Then, a view-de-
pendent strategy is used to train each HMM gait model.
Finally, we used ensemble learning for learner combination
and achieved the goal of gait recognition. The comparative
experiments are conducted on the well-known CASIA gait
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database and OU-ISIR gait database. Furthermore, we use
several state-of-the-art methods, including two new meth-
ods that are specially designed to deal with the cross-view
gait recognition problem. The experimental results indicate
that our proposed methods are able to generate a high
recognition rate for gait recognition compared with those
existing approaches.

As one limitation of this work, our algorithm has only
been tested on three gait datasets of indoor scenes. The gait
recognition problem of outdoor scenes in more complex
backgrounds needs further verification. In subsequent
studies, we will study how to employ the proposed algo-
rithms on other gait datasets and practical applications. In
addition, the proposed method in this paper only uses tra-
ditional machine learning techniques and does not combine
with deep learning technology. How to use the powerful
feature extraction capacity of deep learning technology to
further advance the recognition rate of gait recognition is
another research project of our future work.
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