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 For the feature recognition of human gait in motion state, this paper uses a contour-based method to extract gait 

features, first separating the target from the background, and then extracting the overall contour of the person. The 

characteristic of a person during walking is the distance between the person's centroid point and the pixel points at 

the edge of the silhouette. The BP neural network algorithm is then used to perform gait recognition based on the 

gait database. The results show that the gait recognition algorithm in this paper is better than other algorithms. 
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1. Introduction 

With the development of science and technology, people hope 

that computers can be more intelligent and complete some complex 

tasks that only human intelligence can do. Human walking feature 

recognition is a new field in biometrics. Its identification of identity 

is mainly based on the walking posture and leg characteristics when 

people walk. The walking feature recognition of the human body is 

non-invasive and difficult to disguise. It does not require physical 

contact, but fingerprint recognition, face recognition of the face, and 

iris recognition require close contact to extract the desired features. 

In recent years, the recognition of human walking characteristics 

has generated great interest among researchers. 

Some traditional human walking feature recognition methods 

extract two-dimensional features and information, pictures of 

people walking by the camera, and extract some leg features in the 

picture when people walk, such as step spacing, walking cycle and 

so on. These are two-dimensional gait features that are ignored 

when people walk or exercise, so that they do not reflect the state 

process of the person. For these problems, this paper extracts 3D 

feature parameters from the contour map. The camera adopts a 

single-frame gait image sequence, and extracts the 

three-dimensional feature data of the human walking through the 

overall contour map of the human body according to the structural 

knowledge of the human body and the knowledge of the camera 

calibration, and then analyzes, thereby achieving the purpose of gait 

recognition. 

2. Gait feature extraction 

Human gait feature information is a process of human's overall 

contour period change, including dynamic features and static 

features. The distance feature of the contour has characteristics such 

as rotation and translation invariance. The walking process of 

human beings is space-time movement, the spatial aspect is 

reflected in the motion contour in each frame of picture, and the 

time aspect is reflected in the process of static characteristics 

changing with time. The walking process of a person changes 

periodically, so the overall contour of a person is periodic with time, 

and the contours of different people are also different. The contour 

features can fully obtain the changing characteristics of a person 

during exercise. 

To reduce the effect of variations, GAN is employed as a 

regressor to generate invariant gait images, that contain side view 

gait images with normal clothing and without carrying objects. The 

gait images at arbitrary views can be converted to those at the side 

view since the side view data contains more dynamic information. 

While this is intuitively appealing, a key challenge that must be 

address is to preserve the human identification information in the 

generated gait images. 

The Gait GAN model is trained to generate gait images with 

normal clothing and without carrying objects at the side view by 

data from the training set. In the test phase, gait images are sent to 

the GAN model and invariant gait images contains human 

identification information are generated. The difference between the 
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proposed method and most other GAN related methods is that the 

generated image here can help to improve the discriminant 

capability, not just generate some images which just look realistic. 

The most challenging thing in the proposed method is to preserve 

human identification when generating realistic gait images. 

Domain transfer Generative adversarial networks (GAN) [4] are a 

branch of unsupervised machine learning, implemented by a system 

of two neural networks competing against each other in a zero-sum 

game framework. A generative model G that captures the data 

distribution. A discriminative model D then takes either a real data 

from the training set or a fake image generated from model G and 

estimates the probability of its input having come from the training 

data set rather than the generator. In the GAN for image data, the 

eventual goal of the generator is to map a small dimensional space z 

to a pixel-level image space with the objective that the generator 

can produce a realistic image given an input random vector z. Both 

G and D could be a non-linear mapping function. In the case where 

G and D are defined by multilayer perceptrons, the entire system 

can be trained with backpropagation. 

2.1 Gait detection and segmentation 

Moving target detection and segmentation is the extraction of 

moving targets from video images containing both foreground and 

background. It is generally detected by background difference 

method, interframe difference method, optical flow method and 

energy minimization method. The background difference method is 

used in this paper. Gait segmentation is an important step in gait 

recognition. It is also the first step after the camera acquires a series 

of gait images. The gait contour can be estimated by gait 

segmentation. The human walking detection method is as follows: 

the moving target is detected first and detected by video. The 

overall contour extraction of the moving image of the target is then 

performed. In this paper, the median method is used to restore the 

background. The background image is separated from the 

background image by the background difference method. The 

difference image histogram is equalized, the iterative threshold 

method is used for binarization, and finally the moving pixels in the 

current image are segmented. The result is shown in Figure 1. 

 

Fig.1. Human body bottom edge contour extraction 

The gait energy image [6] is a popular gait feature, which is 

produced by averaging the silhouettes in one gait cycle in a gait 

sequence as illustrated in Figure 1. GEI is well known for its 

robustness to noise and its efficient computation. The pixel values 

in a GEI can be interpretted as the probability of pixel positions in 

GEI being occupied by a human body over one gait cycle. 

According to the success of GEI in gait recognition, we take GEI as 

the input and target image of our method. The silhouettes and 

energy images used in the experiments are produced in the same 

way as those described in [22]. 

 

Fig.2. A gait energy image is produced by averaging all the silhouettes in 

one gait cycle 

The input of the generative model can be an image instead of a 

noise vector. GAN can realize pixel-level domain transfer between 

input image and target image such as PixelDTGAN proposed by 

Yoo et al. PixelDTGAN can transfer a visual input into different 

forms which can then be visualized through the generated 

pixel-level image. In this way, it simulates the creation of mental 

images from visual scenes and objects that are perceived by the 

human eyes. In that work, the authors defined two domains, a 

source domain and a target domain. The two domains are connected 

by a semantic meaning. For instance, the source domain is an image 

of a dressed person with variations in pose and the target domain is 

an image of the person’s shirt. So PixelDTGAN can transfer an 

image from the source domain which is a photo of a dressed person 

to the pixel-level target image of shirts. Meanwhile the transferred 

image should look realistic yet preserving the semantic meaning. 

The framework consists of three important parts as illustrated in 

Figure 3. While the real/fake discriminator ensures that the 

generated images are realistic, the domain discriminator, on the 

other hand, ensures that the generated images contain semantic 

information. 

 

Fig.3. The framework of PixelDTGAN which consists of three important 

parts. 

2.2 Contour-based feature extraction 

The images of the obtained experimenters were detected and 

separated by walking, and then the images with clear and easy 

extraction of feature information were selected for dynamic walking 

feature extraction. The characteristics of different human walking 

processes are obviously different. This paper selects the 

characteristics of the leg of the experimenter as the key feature of 

gait recognition during the movement. 

In general, human walking process recognition only requires 

walking characteristics of the walking sequence to be acquired 

within a walking cycle. Extract the contour map of the human 

contour based on the contour map of the lower edge of the human 

body and find the centroid. as shown in Figure 4: 
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Fig.4. Centroid and contour edge map 

The edge map of the human contour is two-dimensional feature 

information, and the edge contour can be expressed by the 

following formula: 

 𝑍𝑛=𝑋𝑛+n𝑌𝑛                        (2-1) 

The total number of pixels in the entire contour is n, n = 1, 

2, …,𝑁𝑠  , and the pixel points on the edge of the contour are marked 

as(𝑋𝑛，𝑌𝑛)。 

Each contour of the human body can be expressed with 

information of 𝑁𝑠 pixels. In order to facilitate the calculation, the 

two-dimensional gait silhouette feature can be represented by a 

one-dimensional feature vector. Specifically, according to the 

previous method, the contour map of the person is obtained, and the 

coordinate values of all the pixel points on the contour boundary are 

listed. The centroid coordinates (𝑋𝑜，𝑌𝑜) of the human contour 

image can be calculated by the following formula: 

𝑋𝑜= 
1

𝑁𝑠
∑ 𝑋𝑛

𝑁𝑠
𝑛=1                    (2-2) 

𝑌𝑜= 
1

𝑁𝑠
∑ 𝑌𝑛

𝑁𝑠
𝑛=1                     (2-3) 

Use the centroid as the origin of the coordinates, and then create an 

axis to calculate the distance  D𝑜 from the edge of each pixel(𝑋𝑛，

 𝑌𝑛)to the centroid( 𝑋𝑜，𝑌𝑜)along a specific direction, ie: 

D𝑜=√( 𝑋𝑛 − 𝑿𝒐)2 + (𝒀𝒏 − 𝒀𝒐)2         (2-4) 

The distance signal vector of 𝑁𝑠 pixels in the entire contour of a 

person is expressed by the following equation: 

S={ D1，D2，D3，……，𝐷𝑁𝑠
}         (2-5) 

In Fig. 2, the point marked in the middle is the center of mass of 

the human body, and the arrow points to the distance signal from the 

centroid to the pixel edge of the human body. The size of the center 

distance of the contour is the distance from the centroid of the 

contour of the person to the edge of the edge pixel. 

The distance feature vector is displayed by a histogram of N bins 

to form an N-dimensional distance vector, and the distribution of 

contour distance features of different people is calculated by using a 

histogram, thereby solving the trouble caused by the feature 

dimension and convenient for data processing. Since the walking 

process of humans is periodic, a gait sequence will contain multiple 

walking cycles, assuming that the eigenvectors obtained in the kth 

cycle are 𝑉𝑘, k=l, 2,..., n, then the walking characteristics of a 

sequence are as follows: 

G =  
1
n ∑ 𝑉𝑖

𝑛
𝑖=1                      (2-6) 

According to the human walking database provided by the 

Institute of Automation of the Chinese Academy of Sciences, the 

contour of the walking sequence during the walking process is 

extracted, and the distance signal of the contour is further studied by 

the histogram, as shown in Fig. 5, Fig. 6 and Fig. 7, from below. 

The histogram can be concluded that the histograms of different 

walking sequences of the same person are almost the same. The 

histograms of the walking sequence of different experimenters are 

obviously different, so according to this feature, we can identify the 

walking process of the human body. 

 

 

Fig.5. The gait sequence 1 of experimenter A contour map and contour center 

distance 

   

 

Fig.6. The gait sequence 2 of experimenter A contour map and contour center 

distance 

 

 

Fig.7. The gait sequence 1 of experimenter B contour map and contour center 

distance 



X. Zhao et al. / IJAMCE 2 (2019) 81-86 

 

2.3 Classification and identification 

There are many methods for classifying the extracted features. 

The common ones include the following: support vector machine, 

K-nearest neighbor classifier and neural network        

classification. The BP neural network algorithm is used in this paper. 

The BP neural network gait recognition algorithm inputs the feature 

data extracted by the histogram into the neural network and then 

simulates it. Then, the walking sequence data of the test sample is 

imported into the model of the previously simulated neural network, 

and the similarity between the simulated network model and the 

input model is estimated, and the specific target with the greatest 

similarity between the two is found. The specific target is Test the 

ID number of the sample category. The gait recognition process 

based on BP neural network is shown in Figure 8: 

 

Fig.8. Gait recognition process based on BP neural network 

The first important component is a pixel-level converter which 

are composed of an encoder for semantic embedding of a source 

image and a decoder to produce a target image. The encoder and 

decoder are implemented by convolution neural networks. However, 

training the converter is not straightforward because the target is not 

deterministic. Consequently, on the top of converter it needs some 

strategies like loss function to constrain the target image produced. 

Therefore, Yoo et al. connected a separate network named domain 

discriminator on top of the converter. The domain discriminator 

takes a pair of a source image and a target image as input, and is 

trained to produce a scalar probability of whether the input pair is 

associated or not. The loss function LA
D in [20] for the domain 

discriminator DA is defined as: 
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where IS is the source image, IT
 - is the ground truth target, the 

irrelevant target, and IˆT is the generated image from converter。 

Inspired by the pixel-level domain transfer in PixelDTGAN, we 

propose GaitGAN to transform the gait data from any view, clothing 

and carrying conditions to the invariant view that contains side view 

with normal clothing and without carrying objects. Additionally, 

identification information is preserved. We set the GEIs at all the 

viewpoints with clothing and carrying variations as the source and 

the GEIs of normal walking at 90∘ (side view) as the target, as 

shown in Figure 8. The converter contains an encoder and a decoder 

as shown in Figure9. 

 

Fig.8.All the viewpoints with clothing and carrying variations as the source 

and the GEIs of normal walking at 90∘ (side view) as the target 

 

Fig.9.The converter contains an encoder and a decoder 

With the real/fake discriminator, we can only generate side view 

GEIs which look well. But, the identification information of the 

subjects may be lost. To preserve the identification information, 

another discriminator, named as identification discriminator, which 

is similar to the domain discriminator in [20] is involved. The 

identification discriminator takes a source image and a target image 

as input, and is trained to produce a scalar probability of whether 

the input pair is the same person. If the two inputs source images 

are from the same subject, the output should be 1. If they are source 

images belonging to two different subjects, the output should be 0. 

Likewise, if the input is a source image and the target one is 

generated by the converter, the discriminator function should output 

0.  

The whole human body walking feature program is written and 

simulated by the software Matlab, and the gait recognition is 

performed according to the above method. The data in this 

experiment is based on data from the gait database of the Chinese 

Academy of Sciences. In order to ensure the accuracy of human 

body walking feature recognition, it is necessary to carry out 

repeated experiments. In this paper, the classification correct rate 

CCR is used as the evaluation standard for walking recognition: 

*100%rN
CCR

N
=  

𝑁𝑟  is the correct number of samples, and N is the total number of 

tests samples. 
Tab.1 gait recognition algorithm accuracy rate 

Recognition 

algorithm 

Gait 

perspective       

0º 

Gait 

perspective 

45º 

Gait 

perspective 

90º 

BP neural 

network 

81.33% 87.33% 86.83% 
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Angle 

histogram 

algorithm 

 

70.37% 

 

73.15% 

 

84.90% 

From the recognition algorithm, the recognition algorithm of this 

paper is superior to the gait recognition algorithm based on angle 

histogram in the recognition rate, which proves that the neural 

network algorithm has great advantages compared with other gait 

recognition algorithms. 

3. Experiments and analysis 

3.1. Dataset 

CASIA-B gait dataset [22] is one of the largest publicgait 

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 0Æto 1 with 18 interval between two 

nearest views. There are 11 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”). 

3.2. Experimental design 

In our experiments, all the three types of gait data 

including”nm”, “bg” and “cl” are all involved. We put the six 

normal walking sequences, two sequences with coat and two 

sequences containing walking with a bag 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 others into the probe set. There are 

four probe sets to evaluate different kind of variations. 

3.3. Model parameters 

In the experiments, we used a similar setup to that of[20], 

which is shown in Figure 8. The converter is a unified network that 

is end-to-end trainable but we can divide it into two parts, an 

encoder and a decoder. The encoder part is composed of four 

convolutional layers to abstract the source into another space which 

should capture the personal attributes of the source as well as 

possible. Then the resultant feature z is then fed into the decoder in 

order to construct a relevant target through the four decoding layers. 

Each decoding layer conducts fractional stride convolutions, where 

the convolution operates in the opposite direction. The details of the 

encoder and decoder structures. The structure of the real/fake 

discriminator and the identification discriminator are similar to the 

encoder’s first four convolution layers. The layers of the 

discriminators are all convolution layers. 

 

Fig.10. The recognition rate as a function of the number of iterations. 

Normally to achieve a good performance using deep learning 

related methods, a large number of iterations in training are needed. 

From Figure 10, we can find that more iterations can indeed result 

in a higher recognition rate, but the rate peaks at around 450 

epoches. So in our experiments, the training was stopped after 450 

epoches. 

4. Summary 

This paper mainly studies the separation and detection of gait, the 

extraction of human walking characteristics and classification and 

identification. The feature extraction during walking is a key issue. 

In the gait separation detection, a background difference algorithm 

is used to detect the required part of the video image sequence, and 

then a relatively complete contour map of the person during 

walking is extracted. Then, the distance feature information of the 

gait sequence is extracted from the complete contour map of the 

human walking process, and the BP neural network algorithm is 

combined with the existing gait database to classify and recognize 

the walking data, thereby achieving the effect of human walking 

recognition. Accuracy is clearly superior to other gait recognition 

algorithms. 
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