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 A B S T R A C T

Gait recognition is a biometric technology with wide application prospects, but it is easily affected by 
various covariates, which requires the gait recognition model is robust. In this paper, we design a robust gait 
recognition model named GGCN (Gait recognition with Generate network and Convolutional neural Network), 
which uses multi-type gait sequences as input and eliminates the effects of various covariates through a 
supervised mapping module. The GGCN processes the gait sequence in three steps. First, the generate network 
is used to extract low-level features and remove the features generated by interference. Then, the low-level 
features are input into the encoder network to obtain high-level features. Finally, the high-level features are 
input into the feature mapping network to acquire more recognizable features. The experimental results on 
the CASIA-B, OULP, and OUMVLP datasets demonstrate that our model outperforms current state-of-the-art 
methods.
1. Introduction

In recent years, more and more individual recognition methods 
based on biometric features have been widely applied, such as face 
recognition, fingerprint recognition, and gait recognition. Gait recogni-
tion identifies individuals through their walking styles [1]. Compared 
with faces and fingerprints, gaits can be acquired at a distance and do 
not require the cooperation of the object being recognized. Therefore, 
gait recognition is not easily detected by the subjects and has great 
development potential in the fields of monitoring, security, criminal 
investigation, and so on [2,3].

However, the main information source of gait is the image, which is 
easily affected by the carried objects, view, and occlusion. These factors 
make the intra-class distance greater than the inter-class distance in gait 
recognition, which limits the accuracy of gait recognition in practice. In 
practical applications, images are usually covered with varying degrees 
of occlusion, and it is very expensive to capture a walking sequence 
without occlusion. Therefore, the processing of images with occlusion 
is a challenge.

At present, there are two methods to process low-quality images 
in gait recognition: by extracting invariant features and by image 
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generation. The method of extracting invariant features aims to extract 
features unrelated to occlusion and view through deep learning and 
then use these features for identification. Li et al. [4] obtained the most 
discriminative information to date by projecting Gait Energy Image 
(GEI) into different spaces. The GSP-CRC method they proposed has 
high computational efficiency and strong robustness against noise and 
data corruption. Xing et al. [5] extracted the common features of 
various gait sequences by a complete canonical correlation analysis 
(C3 A) method. Chao et al. [6] took the gait sequence as a unordered set 
and aggregated the feature maps of all frames in the sequence into one 
feature map through the SP module. The method of image generation 
is by using Generative Adversarial Networks (GAN) and other networks 
that can generate new images to map low-quality images. After map-
ping, the fake normal image is obtained and compared with the true 
normal image to complete the recognition. Xue et al. [7] proposed 
Frame-GAN to reduce the gap between adjacent frames, thus improving 
the frame rate of gait videos. Wang et al. [8] used a Two-Stream 
Generative Adversarial Network (TS-GAN) to map an image from any 
view to a standard view. Gupta [9] used Pose Energy Image (PEI) as the 
input to GAN to avoid the problem of input–output mismatch during 
training. Yu et al. [10] used two discriminators to supervise the training 
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data mining, AI training, and similar technologies. 
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Fig. 1. (a): A schematic diagram of the application of GAN in gait recognition.
(b): A schematic diagram of the training steps of GGCN.

of GAN, one to ensure the authenticity of the generated image and the 
other to ensure that the generated image contained valid information 
in relation to the source image. To avoid the problem of missing data, 
Chen et al. [11] proposed a Multi-view Gait Generative Adversarial 
Network (MvGGAN) that can be trained across datasets. MvGGAN 
extends the existing dataset and greatly improves the accuracy of gait 
recognition.

As a representative of image generation methods, GAN has facili-
tated the development of gait recognition. However, due to the swing 
of the legs and arms while walking, the image of each frame in a 
gait sequence varies greatly, so it is almost impossible to obtain two 
matching images as the input of GAN in practice. At the same time, the 
final training effect of generate network in gait recognition is judged by 
the accuracy of recognition, but the training of GAN and the training of 
recognition network are divided into two steps, which makes it difficult 
to adjust the model. Inspired by GAN and its problems, we propose a 
model named GGCN.

The generate network and recognition network are trained simul-
taneously in GGCN. That is to say, GGCN is an end-to-end network. 
As shown in Fig.  1, part (a) represents the traditional steps in the 
application of GAN for gait recognition [7–13]. First, the source image 
and target image are manually selected to train GAN. Then, low-
quality images or multi-view images are input into the trained GAN 
to generate high-quality images or fixed-view images. Finally, the 
generated images are input into the recognition network as part of 
the dataset for identification. Part (b) represents the training steps 
of GGCN. First, the ‘‘source’’ image and ‘‘target’’ image are entered 
into generate network at the same time. And we use a supervised 
mapping module as the generator. Then, the feature map output by 
the mapping module is used as an input of the recognition network. 
Compared with previous work, GGCN is more robust, simpler, and 
easier to adjust. The framework of GGCN is shown in Fig.  2, and the 
details are described in Section 3. Previously, the method of extracting 
invariant features involved feeding all different quality gait sequences 
into the same feature extraction pathway, relying solely on the neural 
network’s autonomous learning ability to extract invariant features. 
In contrast, by using multiple generative networks to extract features 
from gait sequences of varying qualities, our approach exhibits stronger 
rationality and interpretability.
2 
In the practical application of gait recognition, it is difficult to 
obtain multiple ideal gait sequences, and it is more common to get sev-
eral gait sequences with different image quality. Based on this, we set 
GGCN as a multi-input model. Even if there is only one actual acquired 
sequence, we can obtain new sequences to meet the input requirements 
of GGCN by simply adding interference manually. The commonly used 
gait datasets are CASIA-B, OULP and OUMVLP, of which only CASIA-
B contains gait sequences in multiple states, and OULP and OUMVLP 
have relatively single states. We conduct experiments on the original 
dataset and the extended dataset with added interference, respectively. 
The experimental results and analysis are described in Section 4.

Over all, the contributions of our work are mainly as follows:

• We propose an end-to-end model called GGCN that can be used 
for gait recognition.

• We input multi-type gait sequences into the model to enhance 
model robustness and reduce the effect of covariates through a 
simple generate network.

• We reorganize and expand the OULP and OUMVLP datasets.
• Our model performs well on the CASIA-B [14], OULP [15], 
and OUMVLP [16] datasets. Experimental data shows that our 
model not only performs well on fixed datasets, but also has high 
accuracy on datasets with random interference.

2. Related works

In this section we will briefly introduce gait recognition, Generative 
Adversarial Network, and feature segmentation methods.

2.1. Gait recognition

Gait recognition methods can be divided into two types accord-
ing to the types of gait features: model-based methods [17–22] and 
appearance-based methods [23–28].

The model-based methods usually build a human body model by 
input images and then take the parameters of the human body model 
as features. According to the dimensions of the extracted features, the 
model can be divided into a 2D and a 3D model. The 2D model only 
considers the representative features, which requires less computation 
but has poor fitting ability in complex cases. The 3D model can be used 
to model various parts of the human body and has strong robustness. 
Liao et al. [22] proposed PoseGait, which can extract temporal–spatial 
features from the 3D pose and improve the recognition rate. Combining 
the deterministic learning theory with the data stream of Kinect, Deng 
et al. [29] proposed a new model-based gait recognition method. 
Further, Li et al. [30] modeled the human body using the skinned 
multi-person linear (SMPL) model and estimated its parameters using a 
pre-trained human mesh recovery (HMR) network. They integrated 2D 
joints, 3D joints, and the contours of the human body in an end-to-end 
model.

Compared with the model-based method, the appearance-based 
method requires less calculation, but it is susceptible to interference 
from views and occlusion. There are two kinds of inputs for the 
appearance-based method, namely gait energy image (GEI) [31] and 
gait sequence. By aggregating a sequence into a single image, GEI can 
eliminate some interference but loses the timing information. Wang 
et al. [32] proposed frame-by-frame gait energy image (ff-GEI) to 
expand the amount of available GEI data and relax the limitations of 
current gait recognition methods on gait cycle segmentation. Gupta 
et al. [13] first determined the general posture in a gait cycle and 
then obtained Dynamic Gait Energy Image (DGEI) by calculating the 
gait features corresponding to this posture. They also used GAN to 
predict covariate-free DGEI and obtained superior identification results. 
Ben et al. [33] aligned gait energy images (GEIs) with the coupled 
bilinear discriminant projection (CBDP), reducing the impact of views 
on recognition rates. In recent years, with the development of deep 
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Fig. 2. The framework of GGCN. The generate network is a supervised mapping module whose inputs are normal gait sequences and occluded gait sequences. 
The occluded gait sequences can come from real walking videos or can be formed by adding interference to the normal sequences. The encoder network mainly 
consists of convolution operations and pooling operations. The feature mapping network mainly consists of feature cutting, splicing, and full concatenation 
operations.
learning, more and more models [6,27,34,35] have used gait sequence 
as input in order to extract more information. The accuracy of gait 
recognition has been improved by taking the gait sequence as a disor-
dered set. However, too many covariables in the real scene still restrict 
the practical application of gait recognition. Compared to previous 
work, the main innovation of our method lies in using a multi-branch 
network architecture to handle gait sequences of different qualities. 
Additionally, we have introduced supervisory signals in the middle of 
the network to enable the model to eliminate covariates.

2.2. Generative adversarial network

GAN is a framework for estimating generative models through an 
adversarial process, including generator G and discriminator D submod-
ules [36]. The training process of GAN is a game of generators and 
discriminators.

GAN is widely used in image generation tasks. Isola et al. [37] 
proposed a general solution to image-to-image translation problems 
based on conditional adversarial networks. Traditional GAN requires 
paired images as input in the training process, but it is very difficult 
to obtain paired images in nature. Therefore, it is necessary to solve 
the problem of training GAN when there are no paired images. Zhu 
et al. [38] proposed a translation method from the image of the source 
data domain X to the image of the target data domain Y. The data-
set {X, Y} used in the training process is unpaired. To enhance the 
constraints on the translation process X→Y, the researchers added a 
reverse translation process Y→X and introduced Cyclic Consistency Loss 
to supervise the reverse translation process.

In gait recognition, GAN is mainly used to generate standard gait 
images [7–13,39]. GaitGANv2, proposed by Yu et al. [39] is an im-
provement of GaitGAN. It adopts a multi-loss strategy to optimize the 
network, which can increase the inter-class distance and decrease the 
intra-class distance. Zhang et al. [12] proposed a View Transformation 
Generative Adversarial Network (VT-GAN) to transform the gait image 
from any two views. They input both the source image and the target 
view into the model and used a view discriminator to ensure that the 
generated image was in the target view.

Currently, GAN can generate very realistic gait images with various 
covariates, but visually ‘‘realistic’’ images are not necessarily conducive 
to the training of Convolutional Neural Networks. Therefore, instead 
of using GAN to generate gait images, we use the generate network to 
generate feature maps. The details are described in Section 3.
3 
2.3. Feature segmentation methods

Segmenting the features or images can yield more fine-grained 
features and improve feature recognizability. In the field of person re-
identification (ReID), there are many models that improve recognition 
accuracy by feature segmentation [40–43]. For example, Fu et al. [43] 
proposed a Horizontal Pyramid Matching (HPM) method that reduces 
the negative effects of missing partial information in the image and 
provides more robust features for the ReID task.

Feature segmentation also performs well in the field of gait recog-
nition. In order to extract more discriminative gait features, Zhang 
et al. [27] proposed a robust and effective loss function called angle 
center loss (ACL) and used a spatial transformer network to locate the 
suitable horizontal part of the body. Fan et al. [34] thought that each 
part of the human body should have its own separate feature map, so 
they divided the feature map into pieces and proposed the model Gait-
Part. Different parts of the body contribute differently to recognition 
under different conditions. Wu et al. [35] first calculated the weight 
of each part of the body through a condition-aware module, then 
adjusted the feature map based on the weight and finally recognized 
the identity according to the feature similarity. These methods show 
the importance of local body information in gait recognition, so our 
recognition network takes full account of local body information and 
integrates the relationship between adjacent body parts into features. 
The details are described in Section 3.

3. Method

In this section, we first introduce a general description of GGCN 
and the detailed operation of each submodule in GGCN. Then, we in-
troduce our optimization objectives. Finally, we introduce the methods 
of training and testing the model. The overall pipeline is illustrated in 
Fig.  2.

3.1. Problem formulation

Converting gait sequences (as in Fig.  3) into recognizable features 
is an important part of gait recognition. If the gait sequence is G𝑖 and 
the recognizable feature is Feature3, then our work can be expressed as: 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒 = 𝐺𝐺𝐶𝑁(𝐺 ) (1)
3 𝑖
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Fig. 3.  A set of gait silhouettes from CASIA-B.

Fig. 4. Details of the generate network we use. The gray part represents the 
discriminator, which is not included in our final model. We only show the 
processing procedure of an image and the dimensions of its feature map. In 
the actual training process, the feature map will have one more ‘‘batch size’’ 
dimension.

where 𝐺𝑖 = {𝑔𝑖|𝑖 = 1, 2,… , 𝑛}, g𝑖 represents a frame in the gait sequence,
n represents the number of input frames, and GGCN represents our 
proposed model. GGCN processes G𝑖 in three steps.

(1) According to the input gait sequence, the corresponding low-
level feature Feature1 is generated through generate network: 
𝐹𝑒𝑎𝑡𝑢𝑟𝑒1 = 𝐺𝑁(𝐺𝑖) (2)

where GN represents the generate network and Feature1 contains sim-
ple contour information and detail information.

(2) Feature1 is input to the encoder network to obtain the high-level 
features Feature2: 
𝐹𝑒𝑎𝑡𝑢𝑟𝑒2 = 𝐸𝑁(𝐹𝑒𝑎𝑡𝑢𝑟𝑒1) (3)

where EN represents the encoder network and Feature2 contains ab-
stract body information.

(3) To make the features more discriminative, we input Feature2 to 
the feature mapping network to obtain Feature3: 
𝐹𝑒𝑎𝑡𝑢𝑟𝑒3 = 𝐹𝑀𝑁(𝐹𝑒𝑎𝑡𝑢𝑟𝑒2) (4)

where FMN represents the feature mapping network. After we ob-
tain Feature3, the similarity between the two gait sequences can be 
transformed into the Euclidean distance between the corresponding
Feature3.

3.2. Generate network

There are three types of gait images in the CASIA-B dataset: # NM, 
# BG, and # CL. These correspond to no occlusion, simple occlusion, 
4 
and complex occlusion in real life. Since only normal images are 
available in the OULP and OUMVLP datasets, we produced simple 
occluded images and complex occluded images based on the original 
images. We designed a GAN-based generate network and simplified it 
to a simple mapping module (as in Fig.  4). Next, the generate network 
will be described in detail.

Definition: The generate network that we use is a supervised 
mapping module with an input of three gait sequences and an output 
of the corresponding three low-level features. Unlike traditional GANs 
that use images as the source and target domains, we use feature maps 
as the source and target domains.

Motivation: The gait sequences used for recognition may have 
various occlusions. In order to eliminate the influence of occlusions, 
we hope that the network can automatically ignore various occlusions 
when generating low-level features. That is, the low-level features 
of obscured sequences and the unobscured sequences of the same 
individual should be as similar as possible.

Operation: We input the three gait sequences into three convolu-
tional layers: 
𝐹1𝑎 = 𝐺𝑁𝑎(𝐺𝑎

𝑖 ) (5)

𝐹1 = 𝐶𝑁𝑁(𝐺𝑖) (6)

𝐹1𝑏 = 𝐺𝑁𝑏(𝐺𝑏
𝑖 ) (7)

where G𝑎
𝑖 , G, and G𝑏

𝑖  represent, respectively, the gait sequence with 
simple occlusion, the gait sequence without occlusion, and the gait 
sequence with complex occlusion. CNN is a convolutional layer, which 
is used to extract edge information from input images. GN𝑎 and GN𝑏
play the role of generator, which can not only extract low-level features 
of the input image, but also eliminate occlusion in the image. Our 
generator is also a convolutional layer, and its detailed architecture 
is shown in Table  1. We monitor this process through Mean Absolute 
Error (MAE, L1_loss): 

𝐿𝑔𝑎 = 𝐿(𝐹1𝑎, 𝐹1) =
1
𝑁

𝑁
∑

𝑖=1
|𝐹1𝑎𝑖 − 𝐹1𝑖 | (8)

𝐿𝑔𝑏 = 𝐿(𝐹1𝑏, 𝐹1) =
1
𝑁

𝑁
∑

𝑖=1
|𝐹1𝑏𝑖 − 𝐹1𝑖 | (9)

where N represents the number of feature points in F1𝑎 and F1𝑎𝑖
represents the value of the 𝑖th feature point.

Initially, we designed a complete generative adversarial network as 
the generator part of GGCN, trained by a adversarial process of min–
max gaming. As shown in Fig.  4, D𝑎 is used to identify the validity of
F1𝑎 and D𝑏 is used to identify the validity of F1𝑏. During the training, 
we considered F1 as ‘‘real’’ and F1𝑎 and F1𝑏 as ‘‘fake’’. We monitored 
this process through Binary Cross Entropy Loss (BCE_loss): 
𝐿𝑑𝑎 = 𝐿(𝑟𝑒𝑎𝑙𝑎, 𝑚𝑎𝑠𝑘𝑟) + 𝐿(𝑓𝑎𝑘𝑒𝑎, 𝑚𝑎𝑠𝑘𝑓 ) (10)

𝐿(𝑟𝑒𝑎𝑙𝑎, 𝑚𝑎𝑠𝑘𝑟) = 𝑚𝑒𝑎𝑛({𝑙1, 𝑙2,… , 𝑙𝑀}𝑇 ) (11)

𝑙𝑖 = −[𝑦𝑖 ⋅ log𝑥𝑖 + (1 − 𝑦𝑖) ⋅ log(1 − 𝑥𝑖)] (12)

where real𝑎 represents the output of D𝑎 when the input is F1, and
mask𝑟 represents the tensor of value 1 with the same size as real𝑎. fake𝑎
represents the output of D𝑎 when the input is F1𝑎, and mask𝑓  represents 
the tensor of value 0 with the same size as fake𝑎. y𝑖 represents the value 
of the 𝑖th point in mask𝑟, and x𝑖 represents the value of the 𝑖th point in
real𝑎. L𝑑𝑏 is calculated in the same way as L𝑑𝑎.

The initial model is complex and difficult to train, so we pruned 
it to obtain the GGCN with simple structure and easy training. The 
final GGCN has no discriminator and no adversarial process, and is no 
longer related to GAN, but its accuracy is comparable to that of the 
original complex model. The specific experimental data is presented in 
Section 4.



H. Qin et al. Journal of Visual Communication and Image Representation 117 (2026) 104790 
Table 1
Detailed structure of our generator. ‘‘in_c’’, ‘‘out_c’’ and ‘‘act_func’’ stand for 
‘‘in channel’’, ‘‘out channel’’ and ‘‘activation function’’, respectively.
 type kernel stride padding bias in_c out_c act_func  
 Conv 5 1 2 False 1 32 LeakyRELU 

Table 2
 Detailed structure of our encoder network. ‘FConv’ represents Focal Convolu-
tion.
 Operation Details Output shape  
 Input 𝑇×𝐶×𝐻×𝑊 30 × 32 × 64 × 44  
 layer 1 FConv[32, 3, 3, 64] -LeakyRELU 30 × 64 × 64 × 44  
 layer 2 FConv[64, 3, 3, 64] -LeakyRELU 30 × 64 × 64 × 44  
 Downsample MaxPool2D[2, 2] 30 × 64 × 32 × 22  
 layer 3 FConv[64, 3, 3, 128] -LeakyRELU 30 × 128 × 32 × 22 
 layer 4 FConv[128, 3, 3, 128] -LeakyRELU 30 × 128 × 32 × 22 
 Downsample MaxPool2D[2, 2] 30 × 128 × 16 × 11 

3.3. Encoder network

The structure of the encoder network is shown in Table  2. F1𝑎, F1, 
and F1𝑏 share a common encoder network, but there is no interaction 
between their features. Next, the encoder network will be described in 
detail.

Definition: A coding network consisting of convolutional opera-
tions and pooling operations.

Motivation: Feature1 only contains simple edge features, which 
cannot provide effective information for gait recognition. Therefore, we 
use a deeper convolutional network to extract more abstract high-level 
features.

Operation: ‘FConv’ in Table  2 represents Focal Convolution [34], 
which can be used to extract fine-grained features. The feature map 
is horizontally sliced before the convolution operation, and then the 
convolution operation is performed on each feature block separately. 
The pooling operation, by contrast, is performed on the whole feature 
map. The first two and the last two Focal Convolutions divide the 
feature map into 4 and 8 blocks, respectively. The size of each feature 
map and the parameters of the convolution and pooling operations are 
indicated in Table  2.

3.4. Feature mapping network

We use a Part Feature Relationship Extractor (PFRE) as the feature 
mapping network, the structure of which has been described in detail 
in [28]. Here, we will only briefly describe what each submodule does 
and how they are connected. The structure of the feature mapping 
network is shown in Fig.  5.

Definition: The feature mapping network is a network that can 
transform features from low identification space to high identification 
space. It mainly includes operations such as cutting, splicing, and fully 
connecting of features.

Motivation: In gait recognition, intra-class spacing is often greater 
than inter-class spacing. The features obtained only by convolution 
of gait images are susceptible to interference and cannot be used 
as an effective basis for recognition. Therefore, we want to obtain 
more feature information to assist gait recognition. There is a certain 
correlation between various parts of the human body during walking, 
and we use the feature mapping network to extract this correlation.

Operation: As shown in Fig.  5, the feature mapping network is 
composed of two parts: Adjacent Feature Relation Extractor (AFRE) and 
Total-Partial Feature Extractor (TPFE). We copy Feature2 and enter it 
into two submodules: 
𝐹2𝐴 = 𝐴𝐹𝑅𝐸(𝐹𝑒𝑎𝑡𝑢𝑟𝑒2) (13)

𝐹 = 𝑇𝑃𝐹𝐸(𝐹𝑒𝑎𝑡𝑢𝑟𝑒 ) (14)
2𝑇 2

5 
Fig. 5. The structure of the feature mapping network. The green part repre-
sents the AFRE module, and the yellow part represents the TPFE module. F2𝐴
represents the output of AFRE, F2𝑇  represents the output of TPFE, and the two 
are spliced together to obtain Feature3. The numbers under the feature map 
indicate the dimension.

where F2𝐴 contains the relationship between adjacent body parts and 
fine-grained features. F2𝑇  contains the overall information and local 
information of different scales.

Feature3 is obtained by splicing F2𝐴 and F2𝑇 : 

𝐹𝑒𝑎𝑡𝑢𝑟𝑒3 = {𝐹2𝐴, 𝐹2𝑇 } (15)

where ‘‘{}’’ means splicing operation. TPFE extracts multi-scale fine-
grained features through the use of a feature pyramid, while AFRE 
simultaneously mines fine-grained features and captures the depen-
dency relationships between adjacent feature blocks. The combination 
of both methods allows for the extraction of more comprehensive and 
robust gait features.

3.5. Optimization objective

We use the Batch All (BA+) triple loss function [44] to supervise 
the optimization process of the whole model. Let the input of the triple 
loss function be a triple as 𝑟 = (𝛼, 𝛽, 𝛾), where 𝛼 represents the anchor, 𝛽
represents the positive sample with the same label as 𝛼, and 𝛾 represents 
the negative sample with a label different from 𝛼. Then, the BA+ triple 
loss is going to be: 

𝐿𝑟 = 𝑚𝑎𝑥(𝐷𝛼𝛽 −𝐷𝛼𝛾 + 𝜉, 0) (16)

where 𝐷𝛼𝛽 represents the Euclidean distance between 𝛼 and 𝛽, 𝐷𝛼𝛾
represents the Euclidean distance between 𝛼 and 𝛾, and 𝜉 is a hyperpa-
rameter.

By combining the L1_loss and BCE_loss mentioned above, we can 
get the full optimization objective: 

𝐿 = 𝜆𝑔𝑎𝐿𝑔𝑎 + 𝜆𝑔𝑏𝐿𝑔𝑏 + 𝜆𝑑𝑎𝐿𝑑𝑎 + 𝜆𝑑𝑏𝐿𝑑𝑏 + 𝐿𝑟 (17)

where 𝜆 is a hyperparameter that controls the importance of different 
loss functions in the optimization process. For the initial model, we use 
𝐿𝑑𝑎, 𝐿𝑑𝑏 and 𝐿𝑟 as loss functions. For the final model, we use 𝐿𝑔𝑎, 
𝐿𝑔𝑏 and 𝐿𝑟 as the loss functions. We also try to supervise the model 
using the full loss function. The optimal value of each 𝜆 is discussed in 
Section 4.
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Table 3
 Average rank-1 accuracies on CASIA-B with cross conditions. The accuracies of all models except GGCN are extracted from their papers. 
GGCN(initial) represents a complex model containing GAN as the generator. GGCN(Ours) represents the final concise model. It can be seen 
that good results can be achieved by using only a simple generate network.
 Gallery NM #1-4 0◦-180◦ mean  
 Probe 0◦ 18◦ 36◦ 54◦ 72◦ 90◦ 108◦ 126◦ 144◦ 162◦ 180◦  
 

NM #5-6

CNN-Ensemble [45] 88.7 95.1 98.2 96.4 94.1 91.5 93.9 97.5 98.4 95.8 85.6 94.1  
 GaitSet [6] 90.8 97.9 99.4 96.9 93.6 91.7 95.0 97.8 98.9 96.8 85.8 95.0  
 GaitPart [34] 94.1 98.6 99.3 98.5 94.0 92.3 95.9 98.4 99.2 97.8 90.4 96.2  
 Wu et al. [35] 90.6 97.9 98.5 97.6 93.9 89.7 94.4 98.1 97.8 96.2 87.9 94.8  
 MvGGAN [11] 94.8 99.0 99.7 99.2 96.6 93.7 96.3 98.6 99.2 98.2 92.3 97.1  
 GGCN(initial) 95.2 98.7 99.4 98.6 96.9 94.8 96.2 97.8 99.3 98.3 92.4 97.03 
 GGCN(Ours) 96.6 99.0 99.6 98.6 96.6 95.3 97.2 98.4 99.3 98.5 92.0 97.35 
 

BG #1-2

CNN-LB [45] 64.2 80.6 82.7 76.9 64.8 63.1 68.0 76.9 82.2 75.4 61.3 72.4  
 GaitSet [6] 83.8 91.2 91.8 88.8 83.3 81.0 84.1 90.0 92.2 94.4 79.0 87.2  
 GaitPart [34] 89.1 94.8 96.7 95.1 88.3 84.9 89.0 93.5 96.1 93.8 85.8 91.5  
 Wu et al. [35] 84.0 91.8 94.8 92.7 85.7 82.1 86.7 91.7 94.4 91.9 81.3 88.8  
 MvGGAN [11] 92.4 94.7 97.2 94.6 88.7 83.6 87.8 93.8 96.3 95.2 86.8 91.9  
 GGCN(initial) 92.9 96.6 96.8 95.9 92.5 87.7 90.7 94.3 96.7 95.6 87.5 93.39 
 GGCN(Ours) 95.0 97.8 97.9 95.7 93.8 88.4 92.4 95.9 97.5 95.6 88.5 94.40 
 

CL #1-2

CNN-LB [45] 37.7 57.2 66.6 61.1 55.2 54.6 55.2 59.1 58.9 48.8 39.4 54.0  
 GaitSet [6] 61.4 75.4 80.7 77.3 72.1 70.1 71.5 73.5 73.3 68.4 50.0 70.4  
 GaitPart [34] 70.7 85.5 86.9 83.3 77.1 72.5 76.9 82.2 83.8 80.2 66.5 78.7  
 Wu et al. [35] 75.9 87.5 90.6 85.3 81.5 76.5 81.1 86.5 85.5 82.1 66.8 81.8  
 MvGGAN [11] 70.5 77.9 82.5 82.7 77.4 73.6 73.8 77.8 77.6 72.5 64.8 75.6  
 GGCN(initial) 77.1 85.5 87.6 82.7 79.8 75.6 78.1 79.6 83.1 80.7 69.2 79.93 
 GGCN(Ours) 77.3 89.2 89.8 84.5 81.8 76.6 80.0 84.1 84.6 83.0 71.9 82.07 
Fig. 6. Schematic of the extended OULP dataset. The first to fourth rows 
represent ‘Seq00’, ‘Seq01’, ‘Seq02’, and ‘Seq03’, respectively, where ‘Seq02’ 
and ‘Seq03’ are generated from ‘Seq01’.

3.6. Training and testing

Training: For the CASIA-B dataset, in each iteration, 6 sequences 
are randomly selected from # NM, 2 sequences are randomly selected 
from # BG, and 2 sequences are randomly selected from # CL of a 
subject. The correlation sequences of four subjects are selected at a 
time to calculate the loss value. Thus, the input of GGCN in the training 
phase can be expressed as 4 × 10.

For the OULP and OUMVLP datasets, we extend ‘Seq02’ and ‘Seq03’ 
(as shown in Fig.  6) from ‘Seq01’ by manually adding interference. We 
randomly select 4 sequences from ‘Seq00’, ‘Seq01’, ‘Seq02’, and ‘Seq03’, 
respectively. Four subjects are selected at a time. Thus, the input can 
be expressed as 4 × 16.

Testing: In the testing phase, each feature is expanded into a one-
dimensional tensor. Then, the Euclidean distance between the probe 
feature and each gallery feature is calculated, and the feature in the 
gallery with the closest distance to the probe feature is considered to 
be from the same subject as the probe. Finally, the recognition labels 
are compared with the real labels to calculate the recognition accuracy.
6 
4. Experiments

In this section, the proposed method is evaluated on several pub-
lic gait datasets: CASIA-B, OULP, and OUMVLP. We will present the 
dataset details and parameter selection and compare our method with 
state-of-the-art works. Then, the effectiveness of each submodule is 
verified by ablation experiments. Finally, the impact of the weight of 
three loss functions on the model is discussed.

4.1. Datasets and training details

CASIA-B [14]: The CASIA-B dataset contains 124 subjects and is one 
of the most widely used gait datasets available. The walking sequences 
of each subject can be divided into 10 types according to what the 
subject is wearing at the time of filming, namely, NM1-NM6, BG1-
BG2, and CL1-CL2. Among them, NM1-NM6 are filmed under normal 
conditions, BG1-BG2 are filmed under the condition of backpack, and 
CL1-CL2 are filmed under the condition of wearing a coat. Each type 
contains 11 sequences from different views (0◦, 18◦, . . . ,162◦, 180◦). 
In the test phase, NM01-NM04 are used as the gallery set, while 
NM05-NM06, CL01-CL02, and BG01-BG02 are used as the probe set.

OULP [15]: The OULP dataset consisted of 4007 subjects, includ-
ing 2135 men and 1872 women ranging in age from 1 to 94 years. 
Each subject’s gait sequences are divided into two folders, ‘Seq00’ and 
‘Seq01’, each containing four sequences from different views (55◦, 65◦, 
75◦, 85◦). Seq00 is used as a gallery set, while Seq01 is used as a 
probe set. Compared with CASIA-B, OULP contains fewer covariates 
but includes a larger number of subjects. Therefore, the experiment on 
OULP dataset is evidence of the model’s generalization ability.

OUMVLP [16]: The OUMVLP dataset consists of 10,307 subjects, in-
cluding 5114 men and 5193 women ranging in age from 2 to 87 years. 
Each subject’s gait sequences are divided into the two folders ‘Seq00’ 
and ‘Seq01’, each containing fourteen sequences from different views 
(0◦, 15◦, . . . , 90◦, 180◦, 195◦, . . . , 270◦). The use of OUMVLP is 
becoming more and more widespread due to the large number of views 
and subjects it contains.

Training Details: For CASIA-B, we take the first 74 subjects as the 
training set and the remaining 50 subjects as the test set. The size of 
the image in CASIA-B is reduced to 64 × 44 by the method in [6]. For 
OULP, we reduce the image size to 64 × 44 and expand the probe set 
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Table 4
 Average rank-1 accuracies on OULP with cross conditions. ‘Seq01’, ‘Seq02’, and ‘Seq03’ represent the three probe sets, respectively.
 Condition Seq01 Seq02 Seq03

 Probe view Method Gallery view Gallery view Gallery view
 55◦ 65◦ 75◦ 85◦ mean 55◦ 65◦ 75◦ 85◦ mean 55◦ 65◦ 75◦ 85◦ mean 
 
55◦

GaitSet [6] 99.6 99.7 99.8 99.2 99.6 99.6 99.7 99.7 98.9 99.5 99.3 99.7 99.3 98.2 99.1  
 GaitPart [34] 99.5 99.8 99.8 98.8 99.5 99.5 99.8 99.8 98.7 99.5 99.5 99.8 99.6 98.6 99.4  
 Ours 99.7 99.9 99.9 99.6 99.8 99.6 99.9 99.9 99.6 99.7 99.7 99.9 99.9 99.5 99.7  
 
65◦

GaitSet [6] 99.4 99.5 99.6 99.3 99.4 99.3 99.4 99.7 99.3 99.4 99.1 99.2 99.4 98.9 99.2  
 GaitPart [34] 99.3 99.6 99.7 99.1 99.4 99.3 99.6 99.6 99.0 99.3 99.1 99.6 99.6 98.6 99.2  
 Ours 99.6 99.8 99.8 99.8 99.7 99.6 99.7 99.7 99.7 99.7 99.4 99.7 99.7 99.6 99.6  
 
75◦

GaitSet [6] 98.9 98.9 99.3 99.4 99.1 98.9 99.1 99.1 99.2 99.1 98.4 98.9 99.0 99.4 98.9  
 GaitPart [34] 99.1 99.5 99.5 99.4 99.4 99.2 99.5 99.6 99.3 99.4 98.9 99.4 99.7 99.4 99.3  
 Ours 99.4 99.5 99.8 99.4 99.5 99.5 99.5 99.8 99.5 99.6 99.3 99.4 99.6 99.5 99.4  
 
85◦

GaitSet [6] 98.4 99.1 99.8 99.8 99.3 98.5 99.1 99.6 99.7 99.2 98.2 99.1 99.6 99.8 99.1  
 GaitPart [34] 98.5 99.5 99.7 99.9 99.4 98.5 99.3 99.7 99.8 99.3 98.2 99.2 99.7 99.9 99.2  
 Ours 99.3 99.7 100 99.9 99.7 99.2 99.7 100 99.9 99.7 98.9 99.5 100 100 99.6  
 Ours 99.5 99.7 99.9 99.7 99.5 99.7 99.9 99.7 99.3 99.6 99.8 99.7  
into three folders (see Fig.  6). Seq02 is formed by randomly adding 
150 interference points with the size of 1 × 1 to Seq01, and Seq03 
is formed by randomly adding 40 interference points with the size of 
3 × 3 to Seq01. The coordinates of the upper left and lower right corners 
of the range where interference can be added are (15,15) and (48,55) 
respectively, and the interference values are randomly selected from 0, 
86, 192, 255. Seq02 adds a lot of disturbance points, but the real gait 
profile is not affected too much. We use Seq02 as a simple occlusion 
probe set. In Seq03, the features of the arm and part of the knee are 
difficult to obtain, so we use Seq03 as a complex occlusion probe set. 
For OUMVLP, the method in [6] is used to reduce the image size to 
64 × 44; other processing is the same as for OULP.

The optimizer chooses Adam [46], with a learning rate of 1e-4 and 
a momentum of 0.9. The margin in the BA+ triple loss is set to 0.2. 𝜆𝑔1
is set to 0.01, and 𝜆𝑔2 is set to 0.1. 𝜆𝑑1 and 𝜆𝑑2 are set to 0. Thirty 
randomly selected frames from each gait sequence are used as the 
input of GGCN during the training phase. Our experimental platform 
is Ubuntu 16.04, and the models are trained with 2 NVIDIA 2080TI 
GPUS. We trained our model with 160 K iterations on CASIA-B, 40 K 
iterations on OULP and 300 K iterations on OUMVLP.

4.2. Comparison with the state-of-the-art

CASIA-B: Table  3 shows the experimental results of other state-of-
the-art models and GGCN. The accuracies of all models except GGCN 
are extracted from their papers. Data for all conditions (NM, BG, CL) 
are obtained by testing the same trained model. In the test phase, both 
the probe set and the gallery set contain eleven views, allowing us to 
obtain an accuracy matrix with the size of 11 × 11. After averaging the 
accuracy matrix across the gallery view dimension, we get the accuracy 
under each probe view shown in Table  3.

The data in Table  3 shows that our model achieves the highest 
mean accuracy in all conditions. The greatest improvement in accuracy 
is achieved in the BG condition compared to the previous best work, 
which indicates that our approach of using generate network to remove 
occlusions from images is effective. The accuracy in the NM condition 
is already high, and the dataset contains some unrecognizable images, 
so there is not much improvement. In the CL condition, although our 
model reaches the highest accuracy, it is still significantly lower than 
that in the NM condition. We believe that there are three reasons for 
this: (1) The coat on the subject obscures many leg features; (2) the 
dataset is produced with some invalid images mixed in, with the most 
invalid images in the CL condition; and (3) we use generative network 
at the low-level features of the model, which is good at eliminating 
simple occlusion but has limited ability to handle complex occlusion.

OULP: According to the official setting [47,48], we use CV01 as the 
training set and CV02 as the test set. The accuracy matrix obtained in 
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the test phase is shown in Table  4. For the convenience of comparison, 
the three models in Table  4 use exactly the same hyperparameters in 
the training phase.

Our model achieves the highest accuracy in all three conditions. 
Viewing the data in Table  4 horizontally, it can be found that the 
accuracy is almost unaffected by random interference. That is, under 
the condition that the original information is valid, our model can well 
resist the influence of some random disturbances in nature.

OUMVLP: Due to the expansion of the dataset and the limitation of 
computing resources, we randomly select 1000 subjects as the training 
set and 1000 subjects as the test set. The experimental results are 
shown in Table  5. The last two columns of data are calculated on 
the original dataset, and the other data is calculated on the dataset 
with added interference. It can be seen that even the most advanced 
recognition networks are affected by interference, while our model is 
almost unaffected due to the presence of generate network.

4.3. The effectiveness of each submodule

In this part, we use experimental data and visual images to demon-
strate the effectiveness of each submodule in GGCN.

Experimental data: To verify that each submodule plays its role 
and that the model has no redundancy, we designed a set of ablation 
experiments (Group A). The experimental results are shown in Table 
6. It can be seen that the accuracy will decrease regardless of which 
submodule is missing. In the experiment A-b, a convolution layer and 
a pooling layer are added to the model after the encoder network is 
removed so as to ensure that the dimensions of the feature map match 
the feature mapping network. We think that these two layers support 
the role of the encoder network.

The results of experiment A-b are similar to those of experiment 
A-c. This is mainly because both generate network and the encoder 
network are essentially composed of convolutional layers and can 
accomplish the task of extracting image features. When the feature 
mapping network is removed (A-a), the accuracy of the model decreases 
greatly. This shows that it is difficult to complete the gait recognition 
task when only using convolution operation to find visually similar 
images.

Visual images: In practical applications, each subject’s gait features 
occupy a certain position in Euclidean space. When the number of 
subjects is large, the positions occupied by each feature will overlap, 
which increases the recognition error rate. Therefore, we want to be 
able to accommodate as many subject features as possible within a 
fixed size of Euclidean space, with clear demarcation lines between 
each subject’s features.

In order to investigate the clustering ability of our model for gait 
features, we use t-SNE to visualize the features generated at each stage 
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Table 5
 Average rank-1 accuracies on OUMVLP with cross conditions. The last two columns of data are calculated on the original dataset, and the other 
data is calculated on the dataset with added interference.
 Probe 0◦ 15◦ 30◦ 45◦ 60◦ 75◦ 90◦ 180◦ 195◦ 210◦ 225◦ 240◦ 255◦ 270◦ mean  
 
Seq01

GaitSet [6] 64.0 73.3 87.4 86.6 83.1 83.8 81.7 64.5 77.8 89.4 88.2 85.2 84.8 82.6 80.88 
 GaitPart [34] 63.9 73.7 87.1 86.9 83.8 84.3 82.1 64.3 78.6 89.5 88.1 86.4 85.6 83.2 81.25 
 Ours 73.1 80.5 92.8 91.6 89.1 89.9 89.0 73.3 85.3 94.5 92.4 91.2 90.8 89.5 87.35 
 
Seq02

GaitSet [6] 63.1 72.3 86.5 86.1 82.6 83.0 80.9 64.0 76.4 88.6 87.5 85.0 84.5 82.1 80.17 
 GaitPart [34] 63.1 73.0 86.8 86.5 83.1 83.5 81.2 63.7 78.0 88.8 87.6 85.7 84.9 82.7 80.61 
 Ours 72.7 80.2 92.3 91.3 88.5 89.7 88.8 73.2 85.0 94.2 92.2 90.8 90.5 89.3 87.05 
 
Seq03

GaitSet [6] 60.3 68.1 83.9 82.9 80.0 80.9 78.5 61.2 72.2 86.1 85.5 82.8 82.3 79.7 77.47 
 GaitPart [34] 60.8 69.5 84.5 84.5 80.9 81.9 79.3 61.7 75.0 86.3 85.7 84.1 83.8 80.6 78.43 
 Ours 70.8 78.5 90.2 90.4 86.7 88.2 87.0 70.9 83.3 93.1 91.4 89.6 89.3 87.5 85.55 
 
 GaitSet [6] 79.5 87.9 89.9 90.2 88.1 88.7 87.8 81.7 86.7 89.0 89.3 87.2 87.8 86.2 87.1  
 GaitPart [34] 82.6 88.9 90.8 91.0 89.7 89.9 89.5 85.2 88.1 90.0 90.1 89.0 89.1 88.2 88.7  
Table 6
 Ablation study, Group A. Experimental results when removing each submod-
ule from GGCN.
 Group A GN EN FMP NM BG CL  
 a ✓ ✓ 75.12 62.02 38.54 
 b ✓ ✓ 96.88 92.21 79.73 
 c ✓ ✓ 96.41 92.88 80.52 
 d ✓ ✓ ✓ 97.35 94.40 82.07 

of the model (see Fig.  7). We randomly select 100 sequences from 10 
subjects and input these sequences into the trained GGCN model. We 
visualize the features output from the generate network, the encoder 
network, and the feature mapping network as (a), (b), and (c) in Fig. 
7, respectively. By observing the axes of (a) and (b), it can be found 
that the encoder network reduces the Euclidean space occupied by a 
subject’s gait features. By observing the distribution of midpoints in 
(b) and (c), it can be found that the feature mapping network changes 
the state of features from indivisible to separable, which proves the 
effectiveness of the feature mapping network.

In order to show the change process of feature maps in GGCN 
more intuitively, we visualized the output feature maps of the generate 
network and the encoder network. The output of the feature mapping 
network has no height and width dimensions, and visualization of it 
is meaningless. As shown in Fig.  8, Feature1 contains simple contour 
information and detail information, and Feature2 contains abstract body 
information.

To further examine the generative network’s capability in handling 
perturbed signals, we visualized the feature maps of both the original 
gait sequence and the gait sequence with added perturbations. The 
experimental results are shown in Fig.  9. The first column represents 
the undisturbed normal gait sequence, and the second column depicts 
its corresponding feature map. The third column displays the perturbed 
gait sequence obtained by introducing disturbances to the normal gait, 
while the fourth column shows its feature map. It can be observed that 
despite the random perturbations disrupting the gait appearance, our 
generative network still extracts high-quality feature maps that remain 
largely unaffected.

4.4. Discussion of loss function

Based on Eq.  (17), there are five weight coefficients to be confirmed. 
We set the weight of triple loss to the fixed value 1 and obtained the 
experimental data in Table  7 by changing the other four coefficients 
(Group B).

B-b shows the experimental results of the initial model using GAN 
as a generator, where 𝐿𝑑𝑎 and 𝐿𝑑𝑏 are used to supervise the training of 
the GAN and 𝐿𝑟 is used to supervise the whole model. The longitudinal 
comparison shows that the initial model is not very accurate, but 
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Table 7
 Ablation study, Group B. Experimental results when the loss functions have 
different weights.
 Group B 𝜆𝑔𝑎 𝜆𝑑𝑎 𝜆𝑔𝑏 𝜆𝑑𝑏 NM BG CL  
 a 0.01 0.01 0.1 0.1 97.29 94.03 81.86 
 b 0 0.01 0 0.1 97.03 93.39 79.93 
 c 1 0 0.1 0 97.00 93.00 80.56 
 d 0.01 0 10 0 96.94 93.64 79.74 
 e 0.01 0 0.1 0 97.35 94.40 82.07 
 f 0 0 0 0 97.01 93.25 81.38 
 g 0 0 0.1 0 97.48 94.34 81.48 
 h 0.1 0 0 0 97.08 93.59 81.07 
 i 0 0 0 0.1 96.98 93.63 81.54 
 j 0 0.1 0 0 97.16 94.11 80.94 

requires a complex adversarial learning step. B-c, B-d and B-e show the 
experimental results of the final model using the supervised mapping 
module as a generator. Since the two generators process different types 
of images, their weights should also be different. It can be seen from 
experiments B-c, B-d, and B-e that the optimal ratio of 𝜆𝑔𝑎 to 𝜆𝑔𝑏 is 
about 1:10.

B-a shows the experimental results of supervising the training pro-
cess of the model using all loss functions, and there is no adversarial 
process during the training process, and the parameters of all modules 
are updated simultaneously. Comparing B-a and B-e, we can see that 
without the adversarial training process, the ‘‘discriminator’’ has de-
generated into a mapping module, and whether it is trained or not has 
almost no effect on the overall model.

B-f denotes using only the triplet loss function to supervise the 
model. By observing B-g, B-h, B-i, and B-j, it can be seen that the 
four loss functions have different impacts on the model under various 
conditions. Among them, when using only 𝐿𝑔𝑏, the model achieves the 
optimal accuracy in the NM condition.

4.5. Cross dataset results

To further investigate the robustness of our approach, we conducted 
cross-dataset experiments: training on the OUMVLP dataset and testing 
on the CASIA-B dataset. The experimental results, as shown in Table 
8, demonstrate that even in cross-domain scenarios, our model can 
achieve optimal performance. With the presence of a disturbance-
eliminating generation module, our method exhibits significant advan-
tages in the CL condition. 

4.6. Ablation study of using multi-type gait sequences

GGCN is a model that accepts multi-type inputs, which enhances its 
robustness. In order to investigate whether the incorporation of multi-
type gait sequences indeed has a positive impact on the model, we con-
ducted ablation experiments. The experimental results are presented in 
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(a) 

  
(b) 

  
(c) 

 

Fig. 7. The t-SNE visualization results of the feature maps at each stage in our model. Dots of the same color indicate features from the same subject. (a) 
represents the output of generate network, (b) represents the output of the encoder network, and (c) represents the output of the feature mapping network.
Fig. 8. Schematic diagram of the feature map visualization. The first row 
is a frame of the original video, the second row is the result of Feature1
visualization, and the third row is the result of Feature2 visualization.

Table 8
 Ablation study, Group C. Cross-dataset experiments with different models: 
training on OUMVLP and testing on CASIA-B.
 model NM BG CL mean  
 GaitSet 76.25 65.19 46.65 62.70 
 GaitPart 74.93 63.00 42.21 60.05 
 GGCN 77.41 69.75 54.09 67.28 

Table 9
 Ablation study, Group D. Ablation study of using multi-type gait sequence on 
CASIA-B. ‘‘Multi-type input‘‘ indicates that the gait sequences in NM, BG, and 
CL conditions are used as input, and ‘‘single-type input’’ indicates that the gait 
sequences in NM condition are used only.
 input NM BG CL mean  
 multi-type input 97.35 94.40 82.07 91.27 
 single-type input 98.66 88.74 31.11 72.84 

Table  9. It can be observed that single-type inputs slightly improved 
the recognition accuracy for that specific type, but significantly lowered 
the model’s performance in other scenarios. This indicates that overly 
relying on a single input type will decrease the model’s robustness.

4.7. Discussion about the limitations

Our method outperforms current state-of-the-art methods, but there 
is still significant room for exploration and some limitations, which 
we analyze here. Inputting various types of samples can enhance the 
model’s robustness, and there are many possibilities for sample ex-
pansion methods. In this paper, to demonstrate the generality of the 
approach, we employed a method of adding random perturbations to 
9 
Fig. 9. Visualization of the feature map outputted by the generate network. 
From top to bottom: original gait sequence, feature map of the original gait 
sequence, gait sequence with added perturbation, and feature map of the 
perturbed gait sequence. It can be observed that our generative network 
effectively reduces the impact of perturbations.

expand the samples. A sample expansion method that better conforms 
to gait motion patterns may further enhance the model’s performance. 
Additionally, the supervision signal for our generative model comes 
from shallow convolutional neural networks, which might lead to 
some limitations when dealing with extreme image cases. Using more 
complex supervision signals can improve the model’s robustness in 
extreme scenarios. Finally, our model is a three-input structure, which 
could restrict the model’s computational efficiency on some low-power 
devices.

5. Conclusion

In this paper, we propose a gait recognition method that combines 
a Generate Network with a Convolutional Neural Network and design 
a gait recognition model called GGCN. GGCN was designed inspired by 
GAN, which automatically completes the coupling between generate 
network and recognition network through the neural network and can 
adjust the model more intuitively compared with the existing methods 
using GAN. Unlike traditional methods, the output of the generate 
network in our model is a feature map rather than an image. Then, 
the feature map is processed by the encoder network and the feature 
mapping network into a tensor that can be easily identified. Through 
feature segmentation and feature fusion, our feature mapping network 
extracts local information from various body parts and captures the 
collaborative relationships between these parts, thereby enhancing the 
model’s recognition accuracy. Experiments on CASIA-B, OULP, and 
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OUMVLP indicate that GGCN achieves the highest accuracy when 
compared with other state-of-the-art methods, and GGCN performs 
well even in the presence of interference. We also demonstrate the 
effectiveness of each submodule through ablation experiments. GGCN 
improves robustness by inputting multi-type sequences and reduces the 
effect of covariates by a simple supervised mapping module. We believe 
that, after refining this method, GGCN may be able to obtain good 
results in other fields, such as person re-identification.
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