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Abstract

Gait recognition has been proved useful in human identification at a distance.
But many variations such as view, clothing, carrying condition make gait recog-
nition is still challenging in real applications. The variations make it is hard to
extract invariant feature to distinguish different subjects. For view variation,
one view transformation modelcan be employed to convert the gait feature from
one view to another. Most existing models need to estimate the view angle first,
and can work for only/one view pair. They can not convert multi-view data to
one specific view efficiently. / Other variations also need some specific models
to handle. We employed one deep model based on auto-encoder for invariant
gait extraction. The model can synthesize gait feature in a progressive way by
stacked’multi-layer auto-encoders. The unique advantage is that it can extract
inyariant gait feature using only one model, and the extracted feature is robust
to wiew, clothing and carrying condition variation. The proposed method is
evaluated on two large gait datasets, CASIA Gait Dataset B and SZU RGB-D
Gait Dataset. The experimental results show that the proposed method can
achieve state-of-the-art performance by only one uniform model.

Keywords: Gait recognition, deep learning, invariant feature

*Corresponding author
Email addresses: shiqi.yu@szu.edu.cn (Shigi Yu), chenhaifeng@email.szu.edu.cn
(Haifeng Chen), 2009150166@email.szu.edu.cn (Qing Wang), 11shen@szu.edu.cn
(Linlin Shen), yzhuang@nlpr.ia.ac.cn (Yongzhen Huang)

Preprint submitted to Neurocomputing January 26, 2017



10

15

20

25

30

1. Introduction

Gait, known as human walking style, is a kind biometric feature for human
identification at a distance. Compared with other biometric features, suchias
face, iris, palmprint and fingerprint, gait has great potential in human identifi-
cation because of its unique advantages such as non-contact, hard to fake and
obtainable at a distance. Therefore gait recognition in surveillance attracted
increasing attention in computer vision community.

There are many pioneer works on gait recognition. Some of them are model-
based methods [1, 2, 3], and some are appearance-based ‘onest[4, 5, 6, 7]. These
works show that gait recognition is feasible in himan identification at a distance.
But gait recognition is still a challenging task because of view, clothing, occlu-
sion and other variations. These challenges can‘affect the recognition accuracy
greatly. Among these challenges, yiew variation is one of the most commons
because we can not control the walking direction of subjects in real applications.
Many existing view invariant gait recognition methods [6, 8, 9, 10, 11, 12] heav-
ily depend on the accura€y of view ‘angle estimation. For each gallery and probe
angle pair, a model is‘need to be trained, and the model can only transform
specific view. Besides of view variation, clothing can also change the human
body appearance and,shape greatly. Some clothes, such as long overcoats, can
occludedsthe leg motion. Carrying condition is another factor which can effect
feature extraction because it is not easy to segment the carried object from a
human-bedy in images.

The/unique advantage of our work is that only one uniform model is trained
which can handle gait data with view, clothing and carrying condition variations.
The gait data captured with multiple variations can be transformed into the side
view without knowing the specific view angles, clothing type and the object
carried. So this method has great potential in real scenes.

The rest of the paper is organized as follows. Section 2 discusses related
works. Section 3 describes the proposed invariant feature extraction model.

Experiments and evaluation are presented in Section 4. The last section, Section
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5, gives the conclusions.

2. Related Work

In the following part of this section, we will briefly review gait recognition
methods which are invariant to changes.

Some researchers paid close attention to view invariant gait/recognition more
than a decade ago. Some early methods, such as that ins[13], use static body
parameters measured from gait images as a kind of view invariant feature. Kale
et al. [14] used the perspective projection model te generatéd side view feature
from any other arbitrary view. Actually the relation betwéen two views can not
be modeled by a simple linear model, such-as the'perspective projection model.

Some other researcher employed more complex models to handle this prob-
lem. Makihara et al. [8] designed & view/ransformation model (VIM) in the
frequency-domain features nor the'spatial domain. The method RSVD-VTM
proposed in [9] is in spatial domain."It uses reduced SVD to construct a VIM
and optimized Gait Energyilmage(GEI) feature vectors based on linear discrim-
inant analysis (LDA), and achieves relative good improvements. According to
the great capability of rebust principal component analysis (RPRC) in feature
extraction, Zheng et al/ [6] established a robust VITM via RPCA for view invari-
ant feature extragtion. Kusakunniran et al. [10] took the view transformation
as a, regression problem, and used the sparse regression based on the elastic
et as the regression function. Bashir et al. [15] formulated a gaussian process
classifieation framework to estimate view angle in probe set, then uses canonical
correlation analysis(CCA) to model the correlation of gait sequences from differ-
ent views. Luo et al. proposed a gait recognition method based on partitioning
and CCA [16]. They separated GEI image into 5 non-overlapping parts, and for
each part they used CCA to model the correlation. In [17] Xing et al. also used
CCA. But they reformulated the traditional CCA to deal with high-dimensional
matrix, and reduce the computational burden in view invariant feature extrac-

tion. Lu et al. [18] proposed one method which can handle arbitrary walking
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directions by cluster-based averaged gait images. But if there is not similar
walking direction in the gallery set, the recognition rate will decrease.

Some other researchers also tried to solve view variance using only one model.
Such as Hu et al. [19] proposed a method named as ViDP which extracts
view invariant features using a linear transform. Wu et al. [20] trained deep
convolution neural networks using supervised information andhrachiéved high
accuracies.

The clothing invariant gait recognition methods are not as‘many as view
invariant ones in the literature. In [21] clothing invariant gait recognition is
implemented by dividing the human body into 8 parts and analyzing the dis-
crimination capability of different parts. In [22] Guan et al. proposed a random
subspace method (RSM) for clothing-invariant gait recognition by combining
multiple inductive biases for classification.

The variations on gait data can cause the recognition rate decrease greatly.
Some methods in the literaturércan only solve a specific variation, such as view
and clothing. A general method which can extract variant gait feature using

only one model should be attractive.

3. Proposed*Method

In gaitarecognition, when the angle between the walking direction of and the
camera is90° (the side view), it is the best view for gait recognition because of
more/dynamic information. We would try to transform the gait data from any
views; €lothing and carrying condition to the side view with normal clothing
condition and not carrying objects using one uniform non-linear model, and
then extract invariant feature. The proposed model is inspired by the one in
[23] where a model based on auto-encoder which is named as Stacked Progressive
Auto-Encoders(SPAE). The model in [23] is proposed to deal with multi-view
face recognition. We adapt it to deal with the view, clothing and carrying
condition challenges. The framework is illustrated in Figure 1. we will describe

the framework in the following subsections.
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Figure 1: The flowchart of the proposed view invariant gait recognition.

3.1. Gait Energy Image

Gait energy image [4], an appearance-based recognition method, which is
produced by averaging the silhouettes in one gaiticycle in a gait sequence as
illustrated in Figure 2, is well known for its\robustness to image noise and
reduction on computation. The pixel valuesuin'a GEI are the probabilities of
the positions are occluded by a human body. According to the success of GEI
in gait recognition, we take GEl,as\the input raw data of our method. The

silhouettes and energy images used,in the experiments are produced as those in

[24].

Figure 2:°Gait energy image (the right one) is produced by averaging the sil-

houette im one gait cycle.

3.2. Auto-Encoder for Image Transformation

Auto-encoder [25] is one of the popular models in recent years. It can be
used to extract compact features. Asshown in Figure 3, an auto-encoder usually
contains three layers: one input layer, one hidden layer and one output layer.
There are two parts in an auto-encoder, encoder and decoder. The encoder

can transform the input data into a new representation in the hidden layer. It
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Figure 3: schematic diagram of aut coﬁer. ’

usually consists of a linear and a nonlinear transformation as follows:

y=f(z) 5s(Wz

@&

(1)

where f(-) denotes the encoder, notes the linear transformation, b denotes

the basis and s(+) is the nonli ans ation, also called activation function,

such as:
1

- 14+e 2

s(z)

or

s(z) =In(l+e™7)

' =g(y) =s(W'y +0')

whe

is in decoder and z’ is the output data.

2)

®3)

can transform the hidden layer representation back to input data

(4)

g(+) denotes the decoder, W’ and &’ denote the linear transformation and

We usually use the least square error as the cost function to optimize the

parameters in W, b, W’ and ¥'.

W0, W', V] = minS, || & — 2 ||

=minSL ||z — g(f (=) |I?
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where x; denotes the 44, one of the N training samples and z; means the corre-
spond output of x;. In our experiments, we train auto-encoder use Caffe [26, 27]
with Euclidean loss and Stochastic Gradient Descent (SGD).

The traditional auto-encoder can reconstruct the input. If we replace the
output with a different data what distinguishes with the input data;the whole
auto-encoder could be regarded as a regression function. But it_would‘be really
hard for just one auto-encoder to deal with large angle change, clothing and
carrying variations. As shown in Figure 4(a), the diffefence between 54° im-
ages and 90° ones is much larger than that between 72° images and 90° ones,
especially in the leg part. It would be very difficult for just one auto-encoder to
transform 54° images to 90° ones. But if we use one auto-encoder to transform
54° images to the 72° ones, and then use anether auto-encoder to transform
72° images to 90° ones, it would be much easier.” So multiple auto-encoders are
needed to deal with gait variations., Some more auto-encoders are needed to

handle clothing and carryingGondition variations as shown in Figure 4(b).

NM 90° NM 90°

90°

54° CL90° BG 90°

“90u
“72n
“54n

I n
|1
nn

(a) (b)

I
1
il

Figure 4: Auto-encoders for gait image transformation. (a)lt is more difficult for
one auto-encoder to transform 54° images to 90° one than transform 72° image
to 90° ones. We could gradually transform 54° images to 72° ones with one auto-
encoder and then 72° images to 90° one with another auto-encoder(b)Two auto-
encoders are employed to handle the clothing and carry condition variations

respectively.
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3.3. SPAE for Gait Variations

The main idea of the proposed method is stacked some auto-encoders to-
gether to deal with the view, clothing and carrying condition variationsd, In
model training, the output is synthesized in a progressive way.

Side view contains more dynamic information about the gait in”gait recog-
nition. So we would try to convert all the gait energy images“to side view.
But it is difficult for one auto-encoder to deal with all the variations,'so we set
each auto-encoder to solve a small variation. The first layer of auto-encoders is
employed to handle the clothing variation by fitting GEls with/coats to ones of
normal clothing. The second layer fits GEIs with bags to ones without bags to
reduce carrying condition variation. The view angles are kept unchanged after

the transformation of the first two layers as shewn in Figure 5.

0oonnn-
NM 0° NM 90° NM 180° NM 0° NM 90° NM 180°
t 1 t t 1 t
BG 0° BG 90° BG 180° NM 0° NM 90° NM 180°
N N N S S
onoonn-
BG0° Lo

BG 90° BG 180° CL90° CL 180°

Figure 5:/The first two layers employed to handle the clothing and carrying

condition, variations.

For the view variation, auto-encoders will convert the GEIs at a larger view
angle to an adjacent smaller one. At the same time those gait energy images
at smaller view angles are kept unchanged. Then after some auto-encoders, all
the images would gradually become side view images as shown in Figure 6, it
would be very helpful for improving the accuracy of gait recognition.

It is assumed that there are 2 x L + 1 views in the dataset. The difference

between the adjacent angles is A = 18° and L = 5. The view angles of the gait
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data are {0°,18°,--- ,180°}. The auto-encoder in first layer would map the gait
images at 0° to 18°, and the gait images at 180° to 162°. Meanwhile it keeps
the gait images from 18° to 162° unchanged. Then auto-encoder in second layer
would map the gait image which is smaller than 36° to 36°, and larger than 144°
to 144°. The last layer would map all the images to 90° but maintain images

at 90° unchanged. Figure 6 shows a schematic view of the training phasein a

“90“ Layer7
i S
- JEA -
et I N A
- - -
et N
. ““u““““ e Layers
P S
- [IRIRARNRNRNENNNND - |
et NN NS A N S N S N M
P RIRIRIRIRIRIEI ) S

0° 18° ° 2° 90° 108° 126°  144° 162° 180°

progressive way.

Figure 6: The stacked AEs are employed to deal with view variation. Each layer
deals-with one small view variation. After some layers, all the images would be

transformed-to the side view images.

We train each layer individually and the output of a hidden layer is the input
of the next layer. After training all the auto-encoders, the whole network is fine

tuned by optimizing all layers together as bellow.

[Wj ‘f:lv bj jl'lzlv W[/n b/L}

= argmin 8%, || 2} — gr(fr(fr-1( - -(fa(@)) I?

J means the jy, layer in all L layers.
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3.4. Invariant Feature FExtraction

As the GEIs with clothing and carrying condition variations are transformed
to normal ones and the view variations become smaller layer by layer, the output
of topmost layer f7, should be the synthesized normal side view featuré and is
robust to the variations. But lower layers should also contain sonie beneficial
information. So we cumulate the representation in multiple hidden layers at

descending order as follows:

F=[fr-i fo—it1,-- >, fr] (7)

where 0 < ¢ < L—1. We then use Principal Component Analysis (PCA)
to extract more compact feature. In [23],4EDA. i employed for discriminant
feature extraction. LDA needs relatively a largesamount samples in each class to
model the intra-class variance. The number of samples in our dataset is limited,
and experimental results show that, LDA ¢an not improve the recognition rate
obviously. Considering the computational cost of LDA, we did not use LDA in

our experiments as in [23]sThe structure of final model is shown in Figure 7.

4. Experiments and Analysis

4.1. Dataséts

Two datasets; CASIA B and SZU RGB-D, are involved in our experiments
to/evaluate the proposed method. CASIA B gait dataset [24] is one of the
largest public gait databases, which was created by the Institute of Automation,
Chinese Academy of Sciences in January 2005. It consists of 124 subjects (31
females and 93 males) captured from 11 views. The view range is from 0° to
180° with 18° interval between two nearest views. There are 10 sequences for
each subject. There are 6 sequences for normal walking ("nm”), 2 sequences for
walking with a bag ("bg”) and 2 sequences for walking in a coat ("cl”). Figure
8 shows the samples at 11 views from a subject of normal walking.

SZU RGB-D [28] is a large RGB-D gait dataset created by our group using
ASUS Xtion PRO LIVE which is a kind of RGB-D sensor. The sensor can

10
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Figure 8: Walking sequences at 11 views from CASIA B dataset.
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capture color and depth images. The sensor is fixed to a tripod, about 80cm
high from the ground. Subjects walk in the scene, and are demanded to walk in
two directions. So gait data can be captured from two views. The first one isdhe
side view (90°), the second is about 30° away from the side view (60°). For each
view, there were 4 video sequences captured. Two sequences are right walking
ones, and two are left walking. So there are 8 different sequences’for each
subject. The dataset contains 99 subjects. When subjects walk, synthesized
color images (RGB image) and depth images are capturéd. In this‘experiment,
we just use the color image to generate GEI image for each walking sequence.

Figure 9 shows some samples from SZU RGB-D,‘Gait Dataset.

Figure 9 Tmage samples from SZU RGB-D Gait Dataset. The first row contains
color images, and the second and third rows contains the GEI images from 8

different sequences.

4.2. Experimental Design

The first experiment to evaluate the proposed method is carried on CASTA B
dataset. The experiment mainly focus on view, clothing and carrying condition

variations in gait recognition. We put the first two normal, wearing coats and

12
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carrying bags sequences of the first 62 subjects into the training set and the
remaining 62 subjects into the test set. In the test set, the first 4 normal
walking sequences of each subjects are put into the gallery set and the othiers

into the probe set. The experiment design is listed in Table 1.

Table 1: Experimental design on CASTA B dataset

Test

Training

Gallery Set

ProbeSet

ID: 001-062
Seqs: nm01,nm02
bg01,bg02,c101,c102

ID: 063-124

Seqs: nm01-nm04

ID: 063-124
Segs: nm05,nm06
bg01,bg02,cl01,c102

We also evaluate the proposed method 'SZU RGB-D dataset, and the model
exactly the same as that in CASIA'B dataset is used in this experiment. The
gait sequences from the first 49ssubjects are put into the training set, and the
sequences from the remaining 50 subjects are put into the test set. In the test
set, the first sequences (No.01-02) are put into gallery set and the others into

probe set as those’showniin Table 2.

Table 2:nExperimental design on SZU RGB-D dataset

Test
Training
Gallery Set Probe Set
ID: 01-49 ID: 50-99 ID: 50-99
Seqs: 01-08 Seqs: 01-02 Seqs: 03-08

4.3. Model Parameters

In the experiments, the model with 7 layers as shown in Figure 7 are used.
In the training phase, we use the caffe software [26] to training model which
is very popular in deep learning field. First of all, each auto-encoder needs to

be trained independently. The initial weights in the layers are set to random

13
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values in Gaussian distribution, and the initial bias values are set to zeros before

training. We set the base learning rate to 0.1, the maximum number of iteratio

is 60,000 and the activation function is sigmoid. After that, the 7 trained la
are combined in stacked way, and fine tuned as a whole model. In the fin
the base learning rate is set to 0.01 and the maximum number o
30,000.

One important parameter to the proposed model is the numbers pf hidden

layer neurons. We set all the number of different layers'to the e, and find

the optimal one by experiments. The experimental résults on STA B dataset

with view variations are shown in Figure 10. T th different numbers

of neurons from 500 to 6,000 is evaluated. Fromithe results, it can be found

that when the number is 2,000 the model achieyes the best recognition rate. So

in the following experiments, we set th to 2,000.

'S
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o
@ 39.4
4 B
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< 39.2
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38.8 : . :
500 1000 2000 3000 4000 5000 6000

the number of hidden layer neuron

Figure 10: Average recognition rate of experiments with view variation. When
the number of hidden layer neurons is 2,000, the highest recognition rate is

achieved.

Beside the feature from the topmost layer, we can also select the features

14



ACCEPTED MANUSCRIPT

a0 from lower layers as the invariant gait feature for recognition. The results of
different combinations of layers are shown in Figure 11. From the results w
can find that the feature consists of the last three layers, the 5-th and 6-th

ones, achieves the highest recognition rate. So we concatenate the outp TO

the last three layers as a long vector (size 2,000 x 3 = 6,000) as t vari
25 gait feature. /\
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Figure 11: e recognition rates of all combinations for multiple hidden layers.

ists of the last three layers [F7, Fg, F5] achieves the highest

st step of the invariant gait feature extraction is to reduce the dimen-
sion/using PCA as in [23]. The feature dimension is reduced from 6,000 to 100.

e value 100 is chosen according the experiments. After we extract the com-
pact invariant feature, a simple classifier, nearest neighbor (NN), is employed

20 for classification.

4.4. Ezperimental Results on CASIA B Dataset

To evaluate the performance of the proposed method on variations, the ex-

perimental results on CASIA B dataset are given in details in Table 3 - 5. The

15
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results in the three tables can evaluate view, clothing and carrying condition
variations respectively. For Table 3, the first 4 normal sequences at a specific
view are put into the gallery set, and the last 2 normal sequences at another
view are put into the probe set. Since there are 11 views in the dataset, there
are 121 combinations. All the 121 recognition rates are listed in Table 3. For
Table 4, the differences are the probe sets. The probe data ishcartying bags
data, and the carrying condition is different from the that in the gallery set.
The probe sets for Table 5 contain gait data with coats. An the tablés, each row
correspond to a view angle of the gallery set, whereasithe columns correspond

to the view angle of the probe set.

Table 3: Recognition rates when the probe'data is normal walking data.

Probe set view(Normakwalking, nm05,nm06)

0 18 36 54 72 90 108 126 144 162 180

0 98.39 87.1 58.0 39163, 28.23 133.87 31.49 37.9 46.77 62.1 67.74

18 85.48 99.1 98.3 75.0 56.45 47.5 41.13 47.5 54.84 52.43 55.64
36 66.13 96.71 97.584 91.13 67.74" 54.04 52.44 54.84 58.87 55.64 46.77
54 50.0Q 63.71 83.87, 95.97 89.52 82.2 72.5 65.39 57.2 43.58 28.2¢8
72 37.1 50.81 67.74 88.0: 95.97 94.34 91.14 79.84 62.10 37.1(] 33.87
90 32.2 35.48.,52.43 70.1 95.1 95.97 95.1 80.63 56.43 33.87 29.04

108| 26.61 #37.1 47.5 65.33 91.94 95.97 96.771 90.34 70.97 42.74 30.6§
126 33.0 45.1 60.4: 72.5 84.6 86.29 93.5§ 98.39 94.33 59.6 35.44
144| 4113 51.6] 54.03 66.94 60.48 60.44 80.6§ 96.77 97.5§ 79.84 56.4§
162 54.08, 62.1(0 53.23 44.3% 37.1Q 38.71 37.9 71.77 87.1 96.77 83.0
180 [ 7441 51.61 34.6 25.0 28.23 27.43 27.43 37.9 55.65 78.2. 100.

Gallery set view

Table 4: Recognition rates when the probe data is coat wearing data.

Probe set view(walking wearing a coat, cl01,cl02)

0 18 36 54 72 90 108 126 144 162 180

0 44.35 29.039 22.5 15.34 11.2 10.4; 13.71 12.9 17.74 25.0 29.03
18 34.6 49.19 36.2 29.84 16.13 8.06 11.2 17.74 18.55 16.94 20.1
36 21.77 46.771 46.77 41.94 29.84 20.1 19.39 24.1 15.33 15.33 15.39

54 20.14 28.23 39.53 46.77 34.6§ 29.04 21.77 29.84 20.1 13.71 13.71
72 13.71 27.43 33.0 37.1Q 49.19 37.9(0 29.84 25.00 19.33 14.53 12.1(
90 17.74 16.94 24.19 33.87 46.77 42.74 37.1q 33.0 24.1 14.54 14.59
108 16.94 19.3§ 27.43 30.64 41.94 40.33 46.77 41.94 32.2 24.1 12.1

126( 20.1 21.71 27.4%3 29.0, 35.48 36.2 39.54 43.5§ 41.13 28.2. 20.97

Gallery set view

144 17.74 19.34 21.77 25.0 23.39 17.74 22.5§ 34.6 40.33 31.49 22.5§

162| 25.81 25.0 23.3 20.97 13.71 12.9 16.13 25.81] 34.68 41.13 35.4§

180 26.61 20.1 16.94 16.94 15.32 8.87 12.1q 17.74 25.0 30.64 42.74

16
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Table 5: Recognition rates when the probe data is carrying a bag data.

Probe set view(walking with a bag, bg01,bg02)
0 18 36 54 72 90 108 | 126 | 144 | 162 [ 180

0 79.84 58.871 45.97 23.3 16.13 10.4 12.9 18.54 25.0 40.349 45.97

18 63.71 81.44 67.74 45.97 31.4§ 21.77 14.54 20.97 32.2 39.54 39.59
36 39.53 71.77 70.1 62.1 41.13 28.2. 17.74 24.1 37.9¢ 38.71 30.64
54 25.0Q 41.13 60.4: 66.94 56.45 48.3 40.34 41.94 38.71 25.81 26461
72 25.81 28.23 48.3 66.13 74.1 63.71 57.2 40.33 23.39 25.0(
90 21.77 24.19 33.0 47.584 62.9 65.39 57.2 35.48 24.19, 19.3§
108 23.3 26.61 35.4 52.43 63.71 61.2 62.1 50.81 25.81 25.0
126| 20.97 33.87 39.54 46.771 51.61 44.3§ 54.84 75.8] 66.94 42.74 25.0
144| 28.23 30.64 36.29 39.53 30.63 24.19 30.6§ 56.44 725§ 49.19 37.1(
162| 37.9Q 34.64 27.43 24.19 16.94 10.44 14.54 39.53 /50.81 68.5§ 49.1
180 54.03 36.29 26.6 18.54 18.55 15.39 12.9( 23.39 '31.4§ 47.5 74.1

Gallery set view

4.5. Comparisons with GEI4+PCA

Since GEIls are used as input and try toextract, invariant feature, we first
compare our method with GEI4+PCA [4]. The experimental design about gallery
sets and probe sets for GEI+PCA is exaCtly the same as ours in Table. 1.
The first column of Figure 12 shows the eomparison of recognition rates with
GEI+PCA at different probe angles., For the limitation of space, we only list
5 probe angles with a 36%uinterval. The second column shows the comparison
with different carrying,conditions, and the third shows the comparison with
different clothing. Asillustrated in Figure 12, the proposed method outperforms
GEI+PCA at all probe‘angle and gallery angle pairs. The results show that the
proposedsinethod. can extract better gait feature which can be robust to view,
clothingrand carrying condition variations.

We-also compared the recognition rates without view variant. By averaging
the rates on the diagonal of Table 3, Table 4 and Table 5, the recognition rates
without view variant can be computed. The corresponding average rates of
GEI+PCA are also obtained in the same manner. The results are shown in
Figure 13. When there is no variation, the proposed method achieve a high
recognition rate which is almost the same with GEI4+PCA. But when variation

exists, the proposed method outperforms GEI+PCA greatly.
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Figure 12: Comparison with GEI4+PCA at different probe angles. The red lines

are achieved by the proposed method.
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We also use SZ dataset to evaluate the proposed method. Even

only two views are

he”dataset, we still use the proposed 7-layer model.
ntain clothing and carrying condition variations. The

illustrated in Table 2. Sequence 01-02 are put into the

th be set contains sequence 05-08 which are about 30 degrees from the
side view.

The recognition rates of experiments on SZU RGB-D dataset are shown in
Figure 14 and Figure 15. As shown in Figure 14, the recognition rate can be very
high (over 97%) when there is no view variation. When view variation exists, the
recognition rate will drop greatly. GEI+PCA only achieves a recognition rate
of 27%. The proposed method is much better than GEI+PCA, and it achieves
almost 70%. The experimental results on SZU RGB-D dataset also prove the

19



270

275

280

effectiveness of the prosed method.

100 T T T T T T T T
rl_'

— Proposed
T GEI+PCA | ]

BS [ 7

7B 7

Recognition Rate (%)

65 b

58 7

50 I I 1 I I 1 I I 1
] 10 20 30 40 50 60 70 80 90 100

Rank

Figure 14: The recognition rates when the probe set contains sequence 03-04.

4.7. Comparisen with the State-of-the-art

In order tonbetter illustrate the performance of the proposed method, we
also ceinpare the proposed one with some state-of-the-art methods. To the best
ofOur knewledge, we did not find methods what can extract invariant feature
according to different variations. We compared the recognition rates with some
view invariant methods. They are FD-VTM [8], RSVD-VTM [9], RPCA-VTM
[6], R-VTM [10], GP+CCA [15] and C3A [17].

The probe angles selected are 54°, 90° and 126° as in experiments of those
methods. The experimental results are listed in Figure 16. From the results we
can find that the proposed method outperforms others when the angle difference
between the gallery and the probe is large. It proves that the model can handle
large view variation well. When the view variation is not large enough, the

proposed method can also improve the recognition rate obviously.
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Table 6: Average recognition rates at probe angles (a)54°, (b)90° and (c)126°
The gallery angles are the rest 10 angles except the corresponding probe angle

The valuesiin the right most column is the average of which at at probe angles

(a)54°, (b)90° and (c)126°

Probe angle
90° 126° Average

Method 54°

C3A [17] | 56.64%
ViDP [19] | 64.2% | 60.4% | 65.0% | 63.2%
77.8% | 64.9% | 76.1% | 72.9%

63.31% | 62.10% | 66.29% | 63.90%

54.65% | 58.38% | 56.56%

CNN [20]
Proposed
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Figure 16: Comparison with the State-of-the-art at probe angles (a)54°, (b)90°
and (c)126°. The gallery angles are the rest 10 angles except the corresponding

probe angle.
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In Table 6 the experimental results of C3A [17], VIDP [19], CNN [20] and
the proposed method are listed. Here we want to emphasis that the proposed
method contains only one model for any views, and for clothing or carrying
condition variations. ViDP can extract view invariant feature using only one
linear model, but the recognition rate is not high enough especially” when the
view variation is large. CNN achieves the highest recognition.rate but the
supervised information is needed in training. In training step of thejproposed
method, the human identification labels are not needed./The propesed method
can extract robust gait feature by synthesizing the side view data and remove
the effect of different variations. Some methods such as C8A need to know the
probe angle and gallery angles before to extract gait feature. That means that
they have to train many models for all the views pairs (each view pair needs one
model). Our method does not need to ‘estimate the view angle, clothing type

and carrying condition. It is more'feasible in practical applications.

5. Conclusions and Future work

In this paper, we preposed a uniform model based on auto-encoders to ex-
tract invariant gait feature for gait recognition. The model could transform
gait images/at any view to the side view. If the gait images are in different
clothingsand carrying conditions, they will all be transformed to normal condi-
tions (without coat and carrying objects). So we do not need to know the exact
view angles between subjects and camera, and we also do not need to estimate
the subjects’ clothing types and carrying conditions. Experimental results show
that the proposed model can improve recognition rate greatly especially when
there is a large view variation and achieves state-of-the-art performance. It is
very suitable for practical applications in surveillance.

In future, we will extend this model to deal with more challenging variations.
Currently the view only changing in one dimension. It is that it is changed from
the frontal view to the side view and back view. Looking down view as in most

surveillance systems should also be involved. Besides, a large dataset (such as
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contains over 1,000 subjects) collected in a real video surveillance system should

also be created to evaluate effectiveness of methods.
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