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Abstract—Gait recognition method based on the feature
combination of gait image and its region bounded by legs is
proposed. Firstly, all the Eigenvectors correspond to nonnegative
Eigenvalues of the entire scatter matrix of training samples are
selected to compose a lower-dimension transform space. In this
transform space, in order to overcome the small-sample-size
problem, a regularization term is added to each sample class
covariance matrix. And a new criterion function is established.
By computing this optimization problem, and the eigen-matrix is
made up by some eigen-vectors. Based on this method, the
features of gait image and its region bounded by legs are
combined to represent gait features. Finally, three gait databases
of Chinese Academy of Sciences, CASIA A, CASIA B and CASIA
C, are selected and the minimum distance classifier are used to
verify the effectiveness of presented method.
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l. INTRODUCTION

Gait recognition is a new biometric recognition technology,
it is mainly to identify a person by the pattern or style of
walking. Compared with other biometric technologies, such as
face recognition, gait recognition can identify a person at a
distance, and need not to touch them. Gait recognition is a
most promising biometric technology at a distance. At present,
existing methods in gait recognition can be divided into
model-based and model-free methods!!l. Model-based tend to
recover the underlying mathematical construction of gait with
a structure motion model, and the information of changes of
joints of torso are collected to identify pedestrians when they
are walking. However, the performance of the methods suffers
from poor localization of the torso and difficult extraction of
underlying models from gait sequencest?l. The other method is
model-free, and it also can be classified into two categories.
One kind of model-free method preserves temporal
information in recognition and training states, and then
identifies the human. Hence, the disadvantage for the method
is the high computational complexity of sequence matching
during recognition and the high storage requirement of the
dataset. Another kind of model-free method converts a
sequence of images into a single gait energy images, and then
based on gait energy images, the temporal information in gait
sequences are extracted and continue to identify pedestrian.
This method is effective in reducing the number of training
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samples, thereby reducing the computational complexity.
However, the performance of this type of methods is intensely
affected by the background noise or covariate factorst®! such as
changes of the subject apparel and load carrying conditions.
On the other hand, since gait data is frequently interspersed
with the background noise or covariate factors, the
classification could be misguided.

In order to study the gait recognition deeply, researchers
have done a lot of works on it. Han et al.l¥ proposed a gait
energy image (GEI) to construct some real and synthetic gait
templates, and a good result was obtained on USF gait dataset.
Roy et al. Bl introduced Pose Energy Image and Pose
kinematics features which results shape and dynamics
information. PCA and LDA techniques are applied for
dimensionality reduction and to extract discriminative features.
CMU's Mobo and USF dataset have been used by the authors
for experiment and obtained acceptable results. Guo et al.[®!
proposed a method which based on mutual information to
select a gait feature subset, by selecting some features which
the value of mutual information are largest, and these features
are composed a subset. Then the features of the subset are
classified by SVM, and it and obtained a better result in
Southampton HiD gait database. Mohan et al.[l proposed a
method of gait recognition based on Local Binary Pattern
(LBP). The Local Binary Pattern (LBP) is applied to Gait
energy image and to the region bounded by legs (RBL) of Gait
Energy Image. Extracted LBP values from GEI and RBL in
GElI is represented in terms of interval valued type symbolic
features. And then the Similarity between train samples and
test samples are used to classify. The results on CASIA B, a
kind of gait dataset of Chinese Academy of Sciences, are good,
but because of LBP only considered the relationship between
the central pixel and neighboring pixels, and the relationship
of contrast between them is ignored, so it did not obtained the
good results on CASIA C.

Gait of individual may vary because of change in clothes,
carrying a bag, wearing a different shoe types and in some
particular time, some unusual way of walking or some special
condition of walking may affect the recognition resultst®, so a
new method is proposed as follows.

The remainder of this paper is organized as follows:
Section 1l describes the details of the proposed method.
Experimental results and analysis are provided in Section IlI,
and Section IV concludes the paper.



Il.  GAIT RECOGNITION METHOD

Gait recognition method mainly used to extract the
features of both the gait images of pedestrian and the images
of region bounded by legs(RBL), the dimension was reduced
by PCA and then RLDAP! is used to extract features of the
samples, at last the minimum distance identification method is
used to identify the human.

A.  Gait Energy Image(GEl)

In order to reduce the complexity in characterizing a gait,
the silhouettes of a gait sequence are aggregated using the idea
proposed in [1] to produce a single image called Gait Energy
Image (GEI). GEI for a gait sequence is computed by taking
the average of all silhouettes over a gait sequence and is
defined as follows:

GEl = G(x, y) = %Zl(x,y,t), (1)

where T is the number of frames in a gait sequence, | is a gait
silhouette image, x and y are pixel coordinates and t is the
frame number in a sequence of silhouettes in a gait sequence.
Generally, before achieving the gait energy images, the gait
images can be normalized to the same height and width and
aligned along the upper part of the center of mass in the

horizontal direction.
@ (©) (d)

(b)
Fig.1 The GEI of pedestrians in four different conditions

Fig. 1 shows few examples of GEls computed for same
subject in three different instances (a) normal, (b) carrying a
bag, (c) with coat and (d) shoot by infrared camera.
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Fig.2 The RBL of GEI

Fig. 2 shows the same GEIs with RBL area marked in the
square box (a) normal, (b) carrying a bag, (c) with coat and (d)
shoot by infrared camera.

B. Feature Extraction

Suppose gait energy images sets G ={G’ |G/ eR"}is a set
which includes N samples which belong to C categories, the
samples of class i can be represent as
G ={G' eR",j=12,..,N.}, Ni is the number of the samples
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C .
of class i and ZNi =N . Each G/ is a vector, it represents a
i=1
gait energy image, and G includes N samples of gait energy
images. These samples belongs to one of C pattern classes
{G1,G,,...,Gc}, where C<N. Sp, Sy and S; denote the between-
class scatter matrix, within-class scatter matrix and total scatter

matrix, respectively. Because of G/ is a high dimension vector,

and S; often is a singular matrix. So it is hard to extract features
directly. In order to solve this problem, PCA is used to reduce
the dimension of the vectors before feature extraction.

Suppose {4,5,.... 4.} are n orthonormal eigenvectors of St,
and the first m (m = rank S;) ones are corresponding to positive
eigenvalues. Define the subspace @, =spar{s,, 5,,..., 5, }and
its orthogonal complement can be denoted by
@, =spar{B,.,, Bu.or- Bo} - We can know from [10], for

any arbitrary ¢ € R", ¢ can be denoted by @=X+& ,where

Xe®d,and & e ®; . And it must satisfy J(¢)=J(X) .That is to
say, we can conclude that all optimal discriminant vectors can
be derived from &, without any loss of the optimal
discriminatory information with respect to Fisher criterion
JX) . That is to say, G/ is reduced to m-dimensional

Euclidean space without any loss of the optimal discriminatory
information by PCA, and a PCA transformed space R™ is
obtained.

In order to facilitate representation, the between-class scatter
matrix can be expressed as follows:

Sp=HHT , 2
where H=[H1,H2,...,Hc]. G =(1/N|)ZG] ,
H =(N/N)" G -G) ,and G =@/ N)Y DG’ .

Now, the problem is how to find tiheioptimal discriminant
vectors in @, .By linear algebra theory, ®, is isomorphic to m-

dimensional Euclidean space R™. And the corresponding
isomorphic mapping is X=PY, where P=(B1, B2,":", Pm), X
€ d;, Y ER™ By the isomorphic mapping X =PY , the
criterion function J (X ) becomes

J(Y)=3(X)
B YT (P'S,P)Y
CYT[p(PTS,P)IY +YT(PTS,P)Y
~ Y'SY
Cp(YTS,Y)+YTS,Y

S, =P'S,P=P"HH"P =(P"H)(H'P) = HH" ,
S, =P"S,P, and that means J(Y)can act as a new criterion
function like Fisher criterion function. If we get the optimal
discriminant vectors based on J(Y). That is to say, the optimal
discriminant vectors are also obtained based on J(X).

)

where



So J(Y) act as Fisher criterion function, The optimal
discriminant vectors based on J(X) are also obtained by solving
the optimal discriminant vectors of J(Y).

In PCA transformed space R™ work out the H™H ’s
orthonormal eigenvectors (¢, &,,...,cr;) . Suppose the first |
ones are corresponding to positive eigenvalues, Let
E =[a,...],1 <C-1. Calculate the first | most significant
eigenvectors (U, ) of S, and their corresponding eigenvalues
(A,) by U, =HE, and A, =U[S U, .LetK =U,A,™*. Work
out eigenvalues ( A, ) and eigenvectors (Z) of KT§WK ,
Z =[Z,,...,Z,]sorted in increasing eigenvalue order. Choose
the first d (d<1) eigenvectorsin Z, let Z, =[Z,,..,Z,]and A, be
the chosen eigenvectors and their corresponding eigenvalues,
respectively. And return V =(Y,,...,Y,) =KZ, (7l +A,) "%, V is
the eigen matrix based on J(Y), and the optimal discriminant
vectors based on J(X) are also obtained. Then the linear
discriminant transformation can be defined as follows:

r=w'x,
where  wT=(X X, PY,)" =(Y, Y, Y,) P

The transformation in (4) can be divided into two items
Y=P'X and T=V'Y , where V=(,Y,,..Y,) ,
P=(8,0,....5,) . V is the eigen matrix by training, and each
G, can transformed into a vector by (5) as follows:

4)

Y)=P'G/
o 5)
F=VY,/!

By using the same method, the eigen matrix of Region
bounded by Legs (v, ) is obtained, each image of Region
bounded by Legs (L') corresponding G/can obtained F2 by (6)
as follows, and it can represent an image of legs region

M) =P"L/

, (6)
F, :VrTbl M iJ

C. Representation

Since the gait of a person varies slightly due to change in
carrying conditions, change in clothes and different normal
conditions, and we noticed that the RBL has significant
discriminative information, so the features of GEI and the
features of RBL can combine into one kind of features to
represent gait features. The method which is proposed above is

used to extract features of GEI and images of RBL, and G/ can
be represent as follows:

G/ =H{R}{R}. ()
where F, and F, are the features of entire GEI and the features
of images of RBL respectively.

R={f)f ... £}
F={f) ) ..

lga 7 Ty 7T g

(®)
©)
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The same method is also used to extract the features of
testing samples. The features of testing samples can represent
as follows:

G =[{PF}{PF}]. (10)
PF, z{ti,tz,...,td}, (12)
PF, :{td+l’td+21""t2d}’ 12)

where PF is the features of entire GEI of testing samples, and
PF, is the features of images of RBL of test samples.

D. Classification

In order to recognize a test gait image Gi, the minimum
distance classifier is used. The distance between testing image
and training image are calculated, and if the distance between

Giand G/ is minimum, so G; and G, belong to the same class.

Euclidean distance formula (17) is used to calculate the
distance between testing samples and training samples.

d(G.6/) =X (11 ~L)°F. (13)

where i=1, «*+, C, =1, ***, M.

I1l.  EXPERIMENTAL RESULTS

In order to verify the performance of the proposed method
of gait recognition, we have conducted an experiment on the
standard CASIA A, CASIA B and CASIA C.

Firstly, the original gait images in 90 degree viewing angle
of CASIA A are selected to be removed noise, be detected
body area, and be normalized. Then these images can be
transformed into GEI by (1). The CASIA A has become a
dataset which consists of 20 subjects, each subject has 18 GEI.
The GEI which is transformed are used to train and test. 1/6,
1/3,1/2,2/3,5/6 of GEI of samples are selected to train,
respectively, the remaining are used to test, the optimal
recognition rate is recorded by adjusting m and d. Some
experiment results show that when 2/3of GEI of samples are
used to train, the best recognition is obtained.

In order to prove the significant discriminative information
with RBL, we choose walking with bag condition, walking
with coat condition and normal walking condition for CASIA
A and CASIA B. The values of the parameters are n=0.17,
n=0.26, n=0.32 and d=49, 50, 50 when person in the three
different conditions, respectively using PCA+RLDA. While
values of the parameters are n=0.12, n=0.21, n=0.26 and d=47,
47, 45 when person in the three different conditions
respectively in PCA+RBL+RLDA. Some experimental results
are shown in Fig. 5, where (a) and (b) are the results of
experiment on CASIA A and CASIA B, respectively.
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Fig.3 The influence of RBL for recognition
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As we can see from Fig.3, recognition rate of
PCA+RBL+RLDA is better than PCA +RLDA without RBL.
So it is proved that he RBL has significant discriminative
information.

In addition, the proposed method compared with the
method based on Mutual Information!®l, the method based on
LBP+RBLI, and the method based on PCA+LDAM, In this
experiment, 2/3 of GEI of samples are used to train and the
remaining is used to test. TABLE 1 shows the optimal
recognition rate.

TABLE 1 The comparison of three different methods

Method Recognition Ru'nning Dataset
rate time
83.30% 131 CASIA A
Method based CASIAB
on Mutual 78.30% 31.3 Walking with bag
Information 82.70% 37.9 Walking with coat
85.40% 335 Normal walking
100% 20.7 CASIA A
CASIAB
LBP+RBL 95.82% 45.2 Walking with bag
96.31% 47.9 Walking with coat
100% 44.3 Normal walking
100% 13.6 CASIA A
PCA+LDA+ CASIAB
RBL 97.70% 335 Walking with bag
95.13% 35.2 Walking with coat
100% 34.8 Normal walking
99.16% 135 CASIA A
PCA+RLDA CASIAB
+RBL 97.78% 32.0 Walking with bag
95.77% 34.6 Walking with coat
99.46% 34.2 Normal walking

TABLE 2 The recognition rate of some different methods on CASIA C

Method Recognition rate Condition
LBP+RBL 93.27% Normal walking
86.10% Fast walking
86.35% Slow walking
81.60% Walking with bag
The average recognition rate 86.83%
PCA+LDA+RBL 97.35% Normal walking
94.54% Fast walking
95.50% Slow walking
91.09% Walking with bag
The average recognition rate 94.64%
PCA+RLDA+RBL 98.01% Normal walking
95.31% Fast walking
95.44% Slow walking
91.16% Walking with bag
The average recognition rate 94.98%

As we can see from TABLE 1, the recognition rate of
proposed method is better than the other methods, and the
running time is less than LBP+RBL and PCA+LDA+RBL, and
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approximately with the method based on Mutual Information,
however, the recognition rate is more better than it.

To verity the robustness of the proposed method, the
CASIA C is used to experiment. Because of the images of it is
shoot at night by infrared camera. So it has some different from
the other two Datasets in brightness and contrast ratio, then the
recognition rate will be affected. TABLE 2 shows the result.

IVV.  CONCLUSION

In this paper, we propose a PCA+RBL+RLDA method for
gait recognition. The features are extracted from entire GEI
and the images of RBL, respectively. Then the two parts of
features are combined to represent a gait sample. In order to
verify the performance of the proposed method of gait
recognition, we conduct some experiments on the standard
CASIA A, CASIA B and CASIA C. Meanwhile, we compare
with the other methods to demonstrate the effectiveness of the
proposed method. In addition, some experiments on the
standard CASIA C are conducted to show the robustness of
proposed method.
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