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Abstract

Human gait recognition has a wide range of applications in multiple fields, such as video surveillance, digital security, and
forensics. In this paper, we investigate the challenging problem of cross-view gait recognition and propose a novel gait
recognition scheme by utilizing the strong expression of convolution neural networks (CNN). First, instead of using gait
energy images in traditional gait recognition, we will design a new gait feature representation, trituple gait silhouettes,
constructed by using consecutive gait silhouette pictures. Second, we will construct a multichannel CNN network to tackle
a set of sequential images in parallel. Each of the image datasets is treated as one input channel, and a different
convolutional kernel is used. Finally, the proposed approach is evaluated extensively based on the CASIA gait dataset A/B
for cross-view gait recognition, and further on the OU-ISIR large population gait dataset to verify its generalization
capability with large-scale data. To the best of our knowledge, this is the first time that this gait recognition scheme is
presented. All our experimental results show that the proposed method obtains better performance when compared to those

existing methods.

Keywords Gait recognition - Multichannel CNN - Biometrics recognition - Video-based surveillance

1 Introduction

As one of the most promising biometrics, gait embodies
human walking habit and its dynamic characteristics.
Compared to other biometrics, gait has many advantages,
such as non-offensive extraction and low-resolution com-
patibility [1, 2]. Recently, human gait recognition has
gained tremendous attention, and a slew of approaches
[3-5] have been proposed to improve gait recognition.
Nowadays, the focus of existing methods mainly is on
different view angles of gait, namely, cross-view problem.
However, the problem is still far away from being com-
pletely solved because gait appearance of one person may
be dramatically altered when the view angles are changed.
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Fortunately, with successful applications of deep learn-
ing (DL) [6] in object detection, segmentation, and
recognition from images and videos, some researchers
[7, 8] have applied deep learning to human gait recogni-
tion. As an outstanding representative with optimized
network structure by combining local perceptions, weights
sharing, and spatial downsampling to make good use of the
characteristics of samples, convolution neural networks
(CNNs) guarantee the consistency of displacement and
outperform than most of the state-of-the-art methods.

Furthermore, CNNs can easily adapt to GPU imple-
mentations. A number of renowned companies such as
NVIDIA, Intel, and Samsung are developing their chips to
enable real-time vision applications for smartphones,
cameras, and autonomous cars, etc. The models based on
CNNs provide an effective way to extract features from
images and frame sequences. Theoretically, gait recogni-
tion, as a research problem using picture sequences as its
input, is also suitable to be solved by using CNN and other
techniques in deep learning.

In this paper, in order to get better classification, we
propose a new gait feature representation, trituple gait
silhouettes (TTGS); we also propose a novel multichannel
convolutional neural network (MCNN) to achieve better
gait recognition. To the best of our knowledge, this is the
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first time that this gait recognition scheme is presented. The
contributions of the proposed method are described as
follows.

1. A new gait representation, namely trituple gait silhou-
ettes (TTGS), is proposed Instead of adopting the
traditional gait energy image (GEI) which has been
used broadly in many existing recognition methods, we
design a new gait feature representation TTGS. By
using three consecutive gait silhouette images, TTGS
further explores the dynamic gait features that implicit
in a gait cycle or across multiple gait cycles. Further-
more, because each TTGS is constructed by using three
consecutive silhouette images of gait and the silhouette
images are circularly employed, the problem of sharp
data-scale reduction caused by GEI construction pro-
cess may be relieved.

2. A novel multichannel CNN (MCNN) network We
reconstruct the traditional CNN network and apply it
to the new gait feature representation. The MCNN
network can tackle a set of sequential images in
parallel. Each member of TTGS is fed into one channel
of MCNN, respectively. In conjunction with the new
TTGS gait feature representation, MCNN can make
full use of the feature extraction and representation
ability of convolution and pooling operations to obtain
more intrinsic features and thus improve the correct
rate of gait recognition.

3. A comprehensive evaluation using the CASIA gait
database and OU-ISIR gait database We conduct three
experiments with open-accessed gait datasets to exten-
sively test the proposed gait recognition framework.
Experimental results demonstrate that the performance
of our method is better than many existing approaches.

The remaining sections of this paper are organized as
follows. In Sect. 2, related work on gait recognition will be
reviewed. In Sect. 3, the proposed MCNN will be pre-
sented and demonstrated on details including its construc-
tion, training, and test. Our experiments are carried out
based on the CASIA gait dataset and the OU-ISIR gait
database to evaluate the proposed algorithms in Sect. 4; our
conclusion and future work will be finally stated in Sect. 5.

2 Related work

According to whether deep learning (DL) is used, most of
the existing approaches for gait recognition can be grouped
into two categories: DL-free methods and DL-based
methods. The former uses various techniques to extract gait
features and achieves gait classification by using traditional
classifiers, such as SVM and KNN; meanwhile, the latter
utilizes deep learning in gait classification process.
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2.1 DL-free methods

From research viewpoint, DL-free methods mainly focused
on one or more specific problems in gait recognition: well-
designed features and related dimensionality reduc-
tion [9-15], 3D reconstruction methods [16-20], ingenious
artificial view-invariant gait features [21, 22], and view
transform models [23-25].

In [9], feature presentation of GEI is first proposed,
which is computed by averaging properly aligned human
silhouettes in video frame sequences. This gait feature
presentation and its varieties [10, 11] have been broadly
used in multiple studies [3, 4, 12-15].

The work in [16—19] reconstructs 3D structure of each
gait to generate arbitrary 2D views by projecting the 3D
model. Generally, those methods can achieve promising
recognition rate, but they often require multiple calibrated
cameras which are unavailable in most real gait databases
and practical applications. The work in [21, 22] uses arti-
ficial view-invariant features for gait recognition, which
can perform very well in some specified cases, but often is
hard to be generalized for all applications.

The work in [23-25] needs to learn projection trans-
formation, with which one can transform gait features from
different views to one or more general ones. Those meth-
ods can compare the normalized gait features extracted
from any two videos so as to compute their similarities. In
a word, traditional methods can alleviate the influence of
various external factors (such as view variation and
clothing difference); however, there is still a lack of
effective feature extraction and modeling methods to
resolve the highly nonlinear correlation between gait fea-
tures in complex cross-view conditions.

2.2 DL-based methods

At  present, DL-based gait recognition meth-
ods [7, 8, 26-28] mainly focus on convolutional neural
networks (CNN). Wu et al. [8] give an extensive evalua-
tion in terms of cross-view, cross-walking-condition with
different preprocessing methods and CNN network archi-
tectures. Takemura et al. [26] investigate input/output
architectures for CNN-based cross-view gait recognition
who discussed verification versus identification and the
trade-off between spatial displacement of different subjects
and views. In [7, 27], CNN network models are specially
designed to address the problem of cross-view gait recog-
nition. Wolf et al. [28] develop a gait recognition method
based on a deep-CNN network with 3D convolutions,
which uses a specific input format including both the
grayscale images and optical flow enhanced color
invariance.
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The proposed method in this paper belongs to the second
category. However, different from existing work based on
GEI [11], this paper proposes a new TTGS gait feature
representation, which is constructed by using three con-
tiguous gait silhouette images. Compared with the widely
used GEI, since TTGS does not require gait cycle seg-
mentation preprocessing and silhouette image merging, it
can avoid additional errors in gait cycle segmentation and
increase the amount of data available. Furthermore, based
on TTGS, we propose a novel multichannel convolutional
neural network (MCNN) to achieve human gait recogni-
tion. Unlike a traditional CNN network with only one
convolution channel, the MCNN network has three pro-
cessing channels, so it can deal with gait silhouette image
sequences in parallel, and extract both static gait features
and dynamic gait features from the combining results of
multichannels. In addition, unlike existing multichannel
CNN networks for pattern recognition, which are primarily
designed to use different color channels and/or different
CNN parameters, TTGS is aimed to cooperate with the
proposed multiple frequency gait features so as to extract
more intrinsic dynamic gait features.

3 The proposed methodology

Gait feature representation and classifier design are two
key steps in gait recognition. In this paper, instead of using
the traditional gait feature representation GEI or its vari-
eties, we employ a trituple image set as the input of our
classifier. Furthermore, in order to comply with the new
gait feature and simultaneously utilize the capability of
powerful feature extraction and classification of CNN, we
reconstruct a multichannel CNN model to deal with a
sequence of gait silhouette images in this paper.
The proposed method mainly includes four steps:

Step 1 Data preprocessing. Gait silhouette images are
normalization and grouped into a serial of TTGS.
MCNN construction. The traditional CNN is
rebuilt to comply with the new gait feature
representation TTGS.

MCNN training. In this step, a MCNN model is
constructed and trained using the TTGSs from the
train set.

MCNN-based gait classification. The trained
MCNN models are used to classify gait samples
in the test dataset.

Step 2

Step 3

Step 4

The diagram of gait recognition using the method pro-
posed in this paper is shown in Fig. 1.

3.1 TTGS representation

The TTGS consists of three frames of gait silhouette
images in consecutive time as shown in Fig. 1. In nature,
TTGS is an ordered image collection, and each of its
members is simultaneously fed into a channel of the
MCNN network. Compared with the traditional GEI gait
representation, there are at least three advantages by using
TTGS as a gait representation:

1. Better utilizing the inter-frame clues of human gait By
using three consecutive gaits as inputs of the proposed
network, we can further explore the dynamic gait
features that reflect the essential characteristics of
different individuals.

On the one hand, the traditional GEI only takes into
consideration of the spatial and temporal accumulative
effects in one gait cycle, i.e., a point in GEI with a larger
pixel value means that the movement of the corresponding
body part in one cycle is more active. As for the temporal
distributions and the order of the movements of the cor-
responding body parts in a gait cycle, it is not reflected in
related GEI. For example, when a person is walking, if the
left leg is more agile, the half-gait cycle of the left leg
movement will take less time. This personalized walking
characteristic is not captured by GEI. However, in our
solution, because all gait contour images are sequentially
input into the MCNN network, consequently the highly
discriminative gait characteristics can be reflected by the
obtained model parameters after the training.

On the other hand, TTGS can better use the dynamic
gait features that span multiple continuous natural cycles.
For example, when someone walks, she/he may pause for a
little while in every a few natural cycles. This kind of
dynamic gait features is usually ignored when using the
traditional GEI gait representations based on a natural gait
cycle. But sometimes, this kind of dynamic gait features
could reflect the particularity of one person’s walking
habit, therefore have the greatest ability to identify this
person.

2. Providing more available training data By cycling the
original silhouette images to construct a sequence of
trituple image sets, the problem of sharp data-scale
reduction caused by GEI construction process may be
relieved.

Given a gait silhouette sequence: P = (py,..
can construct a set of TTGSs as

TZ{<Pi;Pi+lapi+2>|i: 1727"'7M}7 (1)

where M is the number of members in P and 7, and p;
refers to the ith gait silhouette image. At time ¢ =1,
(p1,p2,p3) is fed into MCNN; then, at time 7= 2,

'apM>’ we
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Fig. 1 The diagram of gait recognition by using the proposed method

(p2,P3,p4) is fed into MCNN, and so on. For each channel
of the MCNN, such as the first channel, the input data is:
Pi> P2, D3> P4, ..., etc. Through this strategy, we can
effectively increase the scale of the available gait data.

Currently, as a fact, the model training of deep learning
networks generally requires large-scale data, while in
current open-accessed gait databases and many practical
applications, only relatively few training data are available.
Therefore, when we select the current popular deep
learning technology for gait recognition, TTGS can provide
more favorable training conditions.

3. Reducing the extra error generated by gait cycle
segmentation Gait cycle segmentation refers to split-
ting a sequence of gait images into a serial of fixed
combinations according to the regularity of people’s
walking. However, in the process of gait cycle
segmentation, additional errors may be introduced in
due to complex walking situations and sampling
conditions. Gait cycle segmentation is generally an
essential pre-step in constructing the traditional gait
representation GEI. Because our method utilizes the
multiple channels of MCNN network to extract inter-
frame clues and directly adopts the most primitive gait
silhouette images to construct TTGSs, there is no need
to perform gait cycle segmentation in advance. Thus,
compared with the traditional GEI gait representation,
TTGS can reduce the extra errors generated by gait
cycle segmentation.

From the view of training and learning theory, TTGS
can improve the classification accuracy in two aspects:

1. Increase the amount of training data available Since
the deep neural network is a complex architecture
composed of many node layers, there are a large
number of parameters that need to be optimized
through training, including weights, biases, etc. Hence,
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to achieve sufficient training of a CNN network, a large
amount of training data is needed. However, consid-
ering that many existing gait databases have just a
small amount of data, if we compress the information
in a gait cycle into one GEI, the amount of training
data will be further reduced. Therefore, by using TTGS
as a gait feature representation, we can fully utilize the
existing gait data to train a better network model and
improve the accuracy of the subsequent recognition
process.

2. Consider more inter-frame clues of human gait to
avoid overfitting Since the traditional GEI only takes
into consideration of the spatial and temporal accumu-
lative effects in one gait cycle, many intrinsic gait
features, such as temporal distribution and movements
order of the corresponding body parts in a gait cycle,
are ignored. In addition, GEIs do not take into account
cross-cycle gait features. The lack of these gait features
is equivalent to reducing the feature dimension that is
ultimately used for gait recognition. As a result, even if
we collect larger gait data, we can only get more
homogeneous and redundant gait characteristics, which
is helpless in avoiding overfitting problems in training.
Conversely, by using TTGS to consider more gait
information, we can improve the diversity of available
gait data and reduce the risks of overfitting.

3.2 MCNN construction

In order to accomplish multiclass gait recognition using the
new gait representation, namely TTGS, we reconstruct the
traditional CNN network by adding more input channels
and obtain a multichannel CNN (MCNN). Different from
previous methods, hereinafter, multiple channels are used
neither for computing similarities between different chan-
nels [8] nor for integrating information from different color
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channel [6]. Our MCNN network consists of five convo-
lution layers, five pooling layers, one fusion layer, one fully
connected layer, and one output layer as shown in Fig. 2.
Maxpooling is used for all the pooling layers, which can
create an invariance to small shifts and distortions. In
addition, ReLLU activation function is used in all the con-
volutional layers and the fully connected layer to reduce
computational complexity and alleviate gradient vanishing
problem. The working flow of MCNN is split into five
stages:

Input stage The main task of this layer is to preprocess the
input image data. Firstly, the silhouette images are

Fig. 2 Architecture of the

proposed MCNN Classification

Stage

Back-end 7
Processing Stage

Fusion Stage

Front-end
Processing Stage

Input Stage

normalized by using object-region segmentation and
resizing. Then, the refined silhouette images are organized
as TTGSs and fed into the MCNN in parallel. Compared to
traditional single-channel CNNs which use gait silhouette
one by one, our scheme can utilize more dynamic gait
feature information. Furthermore, TTGSs can provide more
training data and thus train better DL-based models.

Front-end processing stage There are three convolution
layers and three pooling layers for each channel. All the
channels use the same pooling strategies, but each channel
adopts different convolutional kernels.

Walking Direction
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Fusion stage The basic operation of fusion layer is to
calculate the differential images from two consecutive
channels, respectively, and then conduct a Boolean AND
arithmetic operation. Assume that the output images of
three channels at time r are I, (x,y), I'5(x,y), I’5(x,y)
respectively, then we obtain

d£‘27c‘1('x7y> = |I£2(X,y) - I;[ (xa y)’a (2)
dés,cz(xd’) = |123(an) - Iéz(XJ)’ (3)
and

; 1 dig 1 (X, ) Ndig o (x,y) = 1

Fen=1o  a, d 1
c2,c1(x7y) A c3,c2(x7y) 7é

where di, . (x,y) and di; ,(x,y) are differential images,

IL.(x,y) is the fusion image at time 7, A refers to the Boo-
lean AND operation.

(4)

Back-end processing stage Two tuples (convolutional layer
and pooling layer) are used in this stage. Convolution and
pooling operations are similar to traditional single-channel
CNNE.

Classification stage We use Softmax function and cross-
entropy to produce the gait predictions. In the training
process of deep neural networks, compared to the squared-
error cost function, the cross-entropy cost function con-
verges faster, especially when the error between the pre-
dicted value and the actual value is larger. Furthermore, for
eliminating the joint adaptability of neuron nodes and
enhancing the generalization capability of the final model,
the fully connected layer uses a dropout technique [29].

3.3 MCNN training

We use backward propagation (BP) [30] to compute the
gradients of each weight and bias of each neuron, update
the related weights and biases by using the stochastic
gradient descent (SGD) algorithm [31]. The training pro-
cess consists of three iterative steps: forward propagation
of the training data, backward propagation of the loss, and
weights updating as shown in Fig. 3.

With regard to the forward propagation of the training
data, we firstly define the cost function as

C= _]l\/ . Z[ynlogyn + (1 — )7,,)10%(1 - Yn)]7 (5)

where N is the number of gait samples, y, is the actual
output, y, is the corresponding label. Then, we calculate
the weighted input 7/ and the output y' (I =2, 3,...,L) of
the /th layer.
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Fig. 3 Training flowchart of the proposed MCNN

= lel—l + b (6)
and
Y =r), (7)

where w! is the weight, b is the bias, and f(-) is the acti-
vation function of the I/th layer. In particular, because no
weight parameters is included in the fusion layer, we only
merge the operations based on Eq. 4.

At the step of backward propagation for updating the
loss and weights, with layer by layer, we will use different
strategies to calculate the sensitivity é of each layer and
partial derivatives of the cost function g—g and %—i

oC
o7
Notably, in our MCNN network, the convolution layers

and pooling layers are one-to-one correspondence, here we
treat them as a whole.

P (8)

1. Output layer The activation function in the output layer
is typically defined as
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eZi
Zj’il ng ’ (9)

where z is the output vector with D dimension, z; is the
ith element. According to the chain rule and following
Egs. 5-8, we obtain sensitivity 6° of the output layer
and the corresponding partial directives

f(@); =

F=y-7, (10)
aC —1

— s S 11
ow 0 (1)
and
oC
—— =5 12
abs 5 ) ( )

where w* and b* are the weight and bias of the output
layer respectively, y*~! is the output before the output
layer.

Fully connected layer We use ReLLU function as the
activation function of the fully connected layer, which
is defined as

0 ={

X x>0

. 13
0 x<0 (13)

The backward propagation process of the fully con-
nected layer is similar with that of the output layer,
except that the activation function is ReLLU function.
Convolution-pooling layers As the convolution-pool-
ing 2-tuple or pair at both the front-end processing
stage and back-end processing stage have similar
strategies in backward propagation of the loss, suppose
that y! is the output of the ith feature map in the Ith
convolution layer, then

S

where f(+) is activation function of the Ith layer, yj]"' is
the output of the (I — 1)th layer, k! , is the convolution
kernel used by the connection from the /th feature map
in the Ith layer to the jth feature map in the (I — 1)th
layer, and b; is the corresponding bias. Given the error
term &'"!' of the next pooling layer, the error term 5f
with respect to the /th output feature map of the current
convolution layer is expressed as

Sh=U( of' (2, (15)

where U(-) is an operation which saves d' to the size
before pooling operation, and then put the values of
each pooling area to the places where we obtain the
maximum elements, zf is the corresponding weighted
input, and the symbol ‘o’ refers to Hadamard product

which denotes an elementwise product of two vectors.
Then, we can further calculate the gradients of the loss
function with respect to each element in the convolu-
tion kernel and bias of the Ith layer as

0
=2, (16)

u,v

and

oC ; '

o= 00,000, (17)
ij

where (yj),, is the patch which is used to conduct

!
ij°

the patch, (5§)W is the corresponding patch in 55.

convolution operation with k: ., (4, v) is the center of

Finally, because there is no trainable parameter in each
pooling layer, we just consider the problem of back-
ward propagation of the loss. Assume that the error

term of the previous convolution layer is 0" the error
term 6’ of the current pooling layer is defined as

51 — 5l+1 ~R(Wl+1) Ofl(Zl), (18)

where R(-) is an operation that rotates the convolution
kernel by 180°.

4. Fusion layer As the fusion layer has not parameters to

be updated, we only need to consider the backward
propagation of the loss. The basic operation of the
fusion layer is to calculate the differential images of
adjacent two channels respectively and then conduct a
Boolean AND arithmetic operation, as shown in Eq. 4.
When dealing with backward propagation of the loss,
we averagely allocate the loss to the three channels.

4 Experiments

Based on the CASIA gait database [32] and OU-ISIR gait
dataset [33], we design and implement three experiments
for evaluating the proposed gait recognition framework.
Experiment I is used to evaluate the cross-view gait
recognition on CASIA Dataset B which contains the videos
of 124 working individuals including 11 views, distributed
from 0° to 180° under three kinds of walking conditions,
i.e., normal conditions, wearing coats, and carrying bags.
Silhouette images and TTGS examples from CASIA
Dataset B as shown in Fig. 4.

Experiment II is to verify the generalization ability of
the proposed MCNN network with large data, which takes
use of the OU-ISIR Large Population Dataset consisting of
two subsets: A and B. Dataset A is a set of two sequences
per subject, while Dataset B is a set of one sequence per
subject. In addition, each of the main subsets is further
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Fig. 4 Normal condition examples with 90° angle view of the No. 8 person in CASIA dataset B

grouped into 5 subsets based on the observation angles 55°,
65°, 75°, 85° including all four angles. The dataset consists
of over 4000 persons walking on the ground surrounded by
2 cameras at 30 fps with 640 x 480 pixels as shown in
Fig. 5. Experiment III is to further verify the generalization
ability of the proposed MCNN network with multiview gait
data, which was conducted on the CASIA Dataset A. This
dataset includes gait data of 20 walking persons, including
12 image sequences, 4 sequences for each of the three
directions, i.e., parallel, 45° and 90° to the image plane as
shown in Fig. 6.

In addition, for the convenience of quantitative com-
parison and analysis, we use cumulative match character-
istics (CMCs) [34] as the evaluation criterion in our
experiments, which is a well-accepted measurement to
judge the classification capabilities of closed-set identifi-
cation systems. The CMC is sometimes called a lift curve,
because we can see how much the line representing the
model performance is lifted up over the random perfor-
mance. In the CMC curve, the abscissa is the rank of
correct recognition and the ordinate is the precision
percent.

Without loss of generality, given a gallery gait set G =
{g1,82,---,8,} and a query gait set X = {x1,x2,...,%u},
the set G is constructed from any individuals of a gait
database D, but each identity in set X is presumed to be in
set G. In addition, the set X may contain more than one gait
samples of a given subject and need not to include a sample
of each subject in set G. In order to create the CMC curve,
each query gait is matched to every gallery gait, we can get

Fig. 5 Examples from OU-ISIR Large Population Dataset
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Fig. 6 Examples from CASIA Dataset A

Si={s(x,g)liel,...n;jel,...m}, (19)

where s(x;,g;) is the similarity score between x; and g;.
s(x;, g;) is ordered as

S(Xi7g(1))2s(xi7g(2))2 2S(-Xivg(m))v (20)

and x; is assigned a rank k; = k if the matching gait from G
is g). Finally, we obtain a set of n — rank estimates

{kiliel,...,n]}
4.1 Benchmarks

Several state-of-the-art and baseline gait recognition
approaches are selected in our comparative experiments.
Furthermore, we also implement a simple CNN-based
method which uses traditional CNN network to achieve
gait classification and recognition. Besides, our previous
gait recognition method based on 2D2PCA is added to
compare with the proposed method [15].

1. Deep-CNN LB [8] The deep-CNN LB network is
proposed by Wu et al. [8] which presents three network
architectures, namely, LB, MT (Mid-Level @ Top),
and GT (Global @ Top). The MT network is similar to
the LB network, except that two extra nonlinear
projections are employed before comparing the differ-
ences between the GEI pairs. There is no significant
difference between the LB and MT networks in our
practical tests. The GT network suffers from severe
overfitting and has less satisfactory performance. Thus,
we only implemented the LB network as the first
method for the purpose of comparisons.
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2. View transformation model (VIM) [23] VIM is a
classical method to resolve the problem of cross-view
gait recognition. We implement it as a baseline and
compared the performance with other several
approaches. The view transformation model is obtained
with a set of multiple individuals from multiple views.
In the recognition, the model transforms gallery gaits
into the same view as that of related input gait, and the
gaits can well match each other.

3. Original GEI [9] This method uses the original GEI as
gait feature vectors and the minimum Euclidean
distance classifier for individual recognition. As a
widely used gait representation, GEI has been
employed in many existing gait recognition
approaches. Therefore, we adopt this method as a
baseline algorithm for DL-free approaches.

4. 2D2PCA [15] In this work, a gait recognition algo-
rithm based on Gabor wavelets is proposed, which
employs a two-dimensional principal component anal-
ysis (2D2PCA) method to reduce the dimension of gait
features. Besides, the multiclass support vector
machine (SVM) is adopted to classify different gaits.

5. Simple CNN This approach is implemented using basic
CNN network and fed with classical gait representation
GEIs. The parameter initialization process is similar to
the proposed MCNN method. We use it as a baseline to
obtain the performance after reconstruction.

4.2 Experiment I: comparative experimental
results of several methods on CASIA Dataset
B

This comparative experiment is conducted on CASIA
Dataset B and all the gait samples are randomly grouped
into two sets, training set and test set according to the ratio
of 80% and 20%. Moreover, in order to comply with the
related literature, GEIs are used as inputs of all these
methods except for the proposed MCNN-based method
which uses TTGSs as its input. The experimental results
are shown as CMC curves in Fig. 7, where the horizontal
axis is the rank and the vertical axis is the recognition rate.

Figure 7 shows that the proposed MCNN-based method
performs better than other methods in terms of correct
recognition rate. On the one hand, compared with DL-free
methods, our method has a very significant advantage with
regard to correct recognition rate. For example, our correct
recognition rate at Rank 1 is almost 65%, while the correct
recognition rates of most DL-free methods are under 40%.
On the other hand, our method performs better than DL-
based methods, as the simple CNN method and deep-CNN
LB method, in terms of correct recognition rate when the
rank value is less than 10. The main reasons why the

DeepCNN LB VTM Original GEI

Simple CNN === (2D)2PCA MCNN
100.00
90.00
80.00
70.00
60.00
50.00

40.00

CORRECT RECOGNITION RATE

30.00

20.00
0 2 4 6 8 10 12 14 16 18 20

RANK

Fig. 7 The CMC curves of different methods in Experiment I

proposed method achieves promising correct recognition
rate have three aspects.

1. A new gait representation, called TTGS, is used By
exploring the linkages between adjacent gait silhou-
ettes, TTGS can reflect the essential characteristics of
different individuals.

2. The proposed method provides more available training
data Using the original gait silhouettes to construct a
serial of trituple image sets, the problem of sharp data-
scale reduction caused by GEI construction process is
relieved.

3. The new recognition framework can reduce the extra
error generated by gait cycle segmentation Gait cycle
segmentation is generally a required pre-step in
constructing the traditional GEI representation. How-
ever, in the process of gait cycle segmentation,
additional error is brought into this step due to
complex walking action.

4.3 Experiment Il: comparative experimental
results of several methods on OU-ISIR Large
Population Dataset

In this experiment, the generalization capability of the
proposed MCNN-based method is assessed on the OU-ISIR
Large Population Dataset, named OULP-C1V2. In this
experiment, all the subjects are randomly grouped into
training set and test set by using the ratio of 80% and 20%.
In each run, we train the relevant gait classifier using the
training set. Figure 8 shows the CMC curves of six
methods.

Figure 8 shows that the proposed method outperforms
than those DL-free methods having significant margins.
The main reason is that deep neural networks can better
explore the essential differences between different human
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Fig. 8 The CMC curves of different methods in Experiment II

gaits. Furthermore, Fig. 8 also shows that the proposed
MCNN:-based method and the deep-CNN LB method are
comparable in correct recognition rate when the rank val-
ues are greater than 10. But when the values are small, the
proposed method outperforms other DL-based methods.
This is due to more training data when using TTGSs as the
input and the refined network structure of MCNN.

4.4 Experiment lll: comparative experimental
results of several methods on CASIA Dataset
A

In Experiment III, two image sequences in CASIA Dataset
A are selected as training set, the other sequences are used
as testing dataset. Figure 9 shows the variation of the
overall recognition rates under different rank numbers
using the proposed framework, deep-CNN LB [8],
VTM [23], (2D)*PCA [15], original GEI [9], and a simple
CNN algorithm.

In Fig. 9, we see that, for rank number less than 10, the

proposed MCNN framework has higher recognition rate
DeepCNN LB VTM Original GEI
Simple CNN =~ (2D)2PCA MCNN
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Fig. 9 The CMC curves of different methods in Experiment III
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than other five methods. Figure 9 also illustrates the fact
that, compared with the results of Experiment I and
Experiment II, the results of all approaches are slightly
improved. The main reason is that, in Dataset A, there is no
interference, such as carrying a bag or wearing a coat.

5 Conclusion and future work

In this paper, a well-designed gait representation, namely
trituple gait silhouettes (TTGS), has been presented to take
full use of local details and release the strict constraint of
gait cycle segmentation. Then, a novel gait recognition
method based on MCNN has been proposed, which utilizes
the powerful ability of CNN to extract the essential features
of human gait and simultaneously comply with the new
gait representation.

To the best of our knowledge, this is the first time we
work for gait recognition using multichannel CNN models.
Our contributions are that we (1) have presented a new gait
representation, namely TTGS, to preprocess gait data,
which contains more local details and does not require
strict gait cycle segmentation, (2) have proposed a novel
gait recognition method based on MCNN for gait classifi-
cation and recognition, (3) have greatly advanced the
record scores based on the CASIA Dataset B and OU-ISIR
Large Population Dataset, which demonstrate that our
method can work under different datasets with well gen-
eralization capability.

The limitation of the proposed algorithms is that only
silhouette images are used, though we have obtained the
original gait videos. How to further improve the perfor-
mance of gait recognition and apply gait-based technolo-
gies in practical applications, such as video surveillance, is
our future work.
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