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Abstract: Person re-identification (Re-ID) is a fundamental task in intelligent video 
surveillance, with widespread applications in urban security and intelligent transportation. 
However, in real-world scenarios, occlusions caused by pedestrians or environmental objects 
often degrade visual features, significantly impacting the robustness and accuracy of Re-ID 
systems. To address this challenge, we propose a Visibility-Guided Dual-Branch Network 
(VGDNet) for person occluded Re-ID. The network integrates a visibility-aware mechanism to 
dynamically guide feature extraction, adaptively balancing the reliance on global and local 
features under varying occlusion levels. Specifically, a global complementary branch is 
designed to capture holistic semantic information through explicit – implicit feature mining, 
while a dual-path local branch enhances fine-grained representations via localized 
reorganization and concatenation. To optimize feature discrimination, a multi-objective joint 
loss function is introduced by combining triplet loss, label-smoothed identity loss, and multi-
similarity loss. Extensive experiments on three public benchmarks—Occluded-Duke, 
DukeMTMC-ReID, and Market-1501—demonstrate the effectiveness of the proposed method, 
achieving mAP/Rank-1 scores of 57.1%/64.3%, 83.1%/91.7%, and 91.0%/96.4%, respectively. 
Ablation studies and visualization further validate the contribution of each module in 
mitigating occlusion effects and enhancing feature robustness.
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1 Introduction

Person re-identification (Re-ID) [1-4] aims to 
accurately match image instances of the same individual 
captured from non-overlapping camera views. As a 
critical task in computer vision, Re-ID plays an essential 
role in intelligent surveillance, public safety, and smart 
city systems. The primary challenge in Re-ID lies in 
learning identity representations that are both highly 
discriminative and generalizable, enabling robust 
performance under complex real-world conditions, 
including cross-view appearance variations, partial 
occlusions, pose changes, and heterogeneous imaging 
environments.

In recent years, the rapid development of deep 
convolutional neural networks (CNNs) and vision 
Transformer architectures has significantly advanced the 
field of person Re-ID. Substantial improvements have 
been achieved in global feature representation, local 
region alignment, attention-based modeling, and 
structural information fusion. These advancements have 
notably enhanced the robustness and matching accuracy 
of Re-ID models. Nevertheless, under challenging 
conditions such as partial occlusion and severe pose 
variations, existing approaches still encounter difficulties 
in maintaining feature consistency and improving 
discriminative representation. These limitations 
underscore the necessity for more adaptive and structure-
aware modeling strategies to ensure higher recognition 
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accuracy and stability in complex scenarios.
Occlusion constitutes a primary challenge in Re-ID, 

as it directly affects the completeness and reliability of 
feature extraction. As depicted in Fig. 1, pedestrians in 
real-world surveillance environments are frequently 
partially occluded by other individuals or surrounding 
objects, resulting in the loss or distortion of crucial 
identity cues. Such occlusions hinder global feature-
based models from capturing comprehensive 
discriminative information, thereby impairing recognition 
performance. Additionally, the absence of visible body 

parts can lead to spatial misalignment in local feature-
based methods, further degrading their effectiveness. In 
practical applications, various interrelated factors—
including occlusion, pose deformation, viewpoint 
variation, illumination changes, background clutter, and 
low image resolution—collectively impose significant 
constraints on the accuracy and robustness of Re-ID 
systems. Addressing these challenges necessitates the 
development of robust, context-aware feature learning 
frameworks capable of coping with the inherent 
complexity of real-world conditions.

To mitigate these limitations, researchers have 
proposed various strategies to enhance local feature 
modeling capabilities. Sun et al. [5] designed a partially 
convolutional baseline network that partitions pedestrian 
images into six horizontal regions for local feature 
extraction, thereby improving the model's ability to 
capture fine-grained details. However, this fixed 
horizontal partitioning methodology exhibits limitations 
in handling pose variations (e. g., arm movements), 
potentially assigning semantically consistent physical 
parts to different regions, thus compromising spatial 
partitioning consistency. To exploit multi-scale local 
information further, Fu et al. [6] proposed a horizontal 
pyramid matching framework that enhances local feature 
representation by fusing features across multiple 
horizontal partitioning scales. Although this approach 
enhances the model's discriminative capability, it remains 
vulnerable to noise interference in occluded regions, 
which ultimately degrades overall recognition 
performance. Conversely, Luo et al. [7] introduced an 
AlignedReID++ network, which employs a shortest path 
matching algorithm to achieve precise local feature 

alignment, mitigating error accumulation inherent in hard 
partitioning strategies. Nevertheless, its robustness under 
severe occlusion scenarios requires enhancement.

Current mainstream approaches exhibit limitations 
in addressing occlusion challenges in person Re-ID. 
Global feature-based representations are prone to 
background interference and lack robustness to occlusion 
due to insufficient modeling of local details, which 
hinders the extraction of critical identity information and 
consequently reduces recognition accuracy and overall 
robustness. While local feature-based representations 
enhance fine-grained perception and discriminative 
capability, they remain vulnerable to feature 
misalignment under occlusion or viewpoint variations, 
thereby constraining further model performance gains. 
Consequently, developing robust structural perception 
mechanisms with fine-grained local modeling capabilities 
constitutes a critical research objective for mitigating 
occlusion-induced feature incompleteness and 
information interference in person Re-ID systems.

To address these challenges, this work propose-s a 
Visibility-Guided Dual-Branch Network (VGDNet) for 

Fig.1 Example of occluded pedestrian images
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occluded person Re-ID, designed to enhance dis-
criminative capability and robustness in occlusion sce-
narios. The primary contributions comprise:

1. Integration of a position attention mechanism w-
ithin the OSNet backbone, coupled with an attention 
entropy-derived visibility factor that quantifies occlusi-on 
severity in pedestrian images. This factor adaptivel-y 
modulates feature weighting between global and l-ocal 
branches, enhancing feature selection precision a-nd 
discriminative power under occlusion.

2. Within the dual-branch architecture, the global 
complementary branch enhances holistic semantic 
modeling by capturing contextual features inaccessible 
through local representations, improving overall 
pedestrian representation expressiveness and robustness. 
The local branch performs spatial reorganization and part-
wise feature concatenation to capture structural 
relationships and fine-grained discriminative cues within 
salient regions, thereby enhancing the discrimination of 
local details.

3. To optimize feature discriminability and 
generalization, we propose a multi-objective joint loss 
function with dynamic weight allocation. This 
mechanism concurrently constrains and optimizes 
auxiliary objectives, facilitating task-aware feature 
disentanglement within the embedding space.

The proposed VGDNet for occluded person Re-ID 
incorporates a visibility-aware gating mechanism to 
modulate feature extraction pathways, enabling adaptive 
suppression of occluded regions and optimization of 
discriminative regions. This architecture demonstrates 
substantial performance advancements in occluded Re-ID 
scenarios. The VGDNet establishes a discriminative dual-
branch framework with explicit structural awareness, 
while exhibiting significant scalability and deployment 
potential in real-world environments. Comprehensive 
experiments across multiple benchmarks confirm the 
method surpasses most state-of-the-art approaches in 
recognition accuracy for both occluded and holistic 
pedestrian images.

2 Related Work

2.1 Occluded Person Re-Identification

Occluded Person Re-identification is an important 
research branch of Re-ID, which specializes in solving 
the cross-camera matching challenges where pedestrian 
images are partially visible due to occlusion. Traditional 
Re-ID systems perform well in matching complete 
pedestrian images in cross-camera views, but in real 
surveillance scenarios, the prevalence of occlusion 
phenomena (e. g., object occlusion or crowd occlusion) 
causes the missing information of key body parts (e. g., 
head, torso, etc.), which seriously affects the 
completeness of the feature representations and the 
discriminative ability. The lack of local information 

caused by occlusion not only weakens the model's ability 
to discriminate target pedestrians, but also significantly 
increases the error rate of cross-view matching. 
Therefore, how to introduce stronger occlusion 
robustness into the model structure design, enhance the 
ability to focus on the visible region, and improve the 
feature extraction and discrimination performance in 
complex environments has become one of the core 
problems in the field of Re-ID.

To address the challenges of feature loss and 
degraded matching performance caused by occlusion, 
researchers both in China and abroad have conducted 
systematic studies focusing on key directions such as 
occlusion-aware enhancement and generation 
mechanisms, as well as pose estimation, and proposed a 
series of targeted improvement methods. The related 
methods are mainly introduced as follows:

One category of approaches enhances the 
representation of occluded images and improves the 
robustness of Re-ID systems under occlusion by 
leveraging occlusion-aware augmentation strategies and 
generative mechanisms. Wang et al.[8] proposed a Feature 
Erasing and Diffusion Network (FED), which employs an 
occlusion augmentation strategy to generate occlusion 
masks that guide the Occlusion Erasing Module (OEM) 
in removing non-pedestrian occlusion noise. In parallel, a 
Feature Diffusion Module (FDM) simulates multi-
pedestrian interference in the feature space, thereby 
improving the model's perception of target pedestrians 
and its robustness against occlusion disturbances. Zhao et 
al. [9] proposed an Incremental Generative Occlusion 
Adversarial Suppression Network (IGOAS), which 
enhances the robustness to occlusion interference and the 
discriminative feature extraction for non-obscured areas 
of pedestrians. Qian et al. [10] proposed Pose Normalized 
Generative Adversarial Network (PN-GAN), which 
improves the robustness of the model to changes in 
pedestrian pose by generating pedestrian images with 
different poses, which can learn a new type of deep 
features without being affected by pose changes. Zhang et 
al. [11] proposed a Feature Completion Network 
(FeatComp), which automatically locates the occluded 
region through feature correlation modelling, guides the 
generator to perform feature completion on the invisible 
region, and optimizes the discriminator through 
adversarial training so that the completed features are 
difficult to differentiate from the real visible features, 
thus significantly reducing the intra-class variation due to 
occlusion.

Generative model-based methods have made some 
progress in improving the semantic integrity of occluded 
images, but there are still several challenges: for example, 
the training process is prone to instability, the semantic 
consistency of the generated images is insufficient, the 
network structure is more complex, and there is a 
stronger dependence on external a priori information. In 
addition, some of the methods focus too much on the 
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restoration effect at the image level and ignore the 
consistency modelling of local discriminative features, 
thus limiting their generalization ability and practical 
application effect under complex occlusion conditions.

Another category of approaches improves the 
recognition performance in occlusion scenarios by 
introducing a human pose estimation model to assist 
feature extraction and alignment. For example, Miao et al.
[12] proposed a Pose-Guided Feature Alignment (PGFA) 
method, which enhances the robustness to occluded 
regions and the discriminative ability to non-occluded 
regions by guiding the local feature alignment through 
the human posture estimation, while Gao et al.
[13] proposed a Pose-Guided Visible Part Matching 
(PVPM) method, which utilizes pose information to 
guide the attention mechanism to learn discriminative 
feature representations of individual body parts. Somers 
et al. [14] proposed a dual-supervised learning framework 
(BPBreID) that combines ID labels and human parsing 
labels to strengthen the discriminative nature of 
pedestrian features while using human parsing labels to 
guide the model to accurately locate the body parts, thus 
achieving a more robust pedestrian re-recognition in 
occlusion scenarios, but the human parsing labels also 
need to be introduced into the external pose estimation 
model, which adds an extra computational overhead.

Although existing methods improve the recognition 
performance in occluded scenes to some extent and 
enhance the model's ability to perceive the visible region, 
most of them rely on external auxiliary modules, such as 
human pose estimation or semantic segmentation 
networks. This dependency not only increases the 
structural complexity and computational resource 
consumption of the model, but also introduces additional 
training and inference overheads. In addition, there are 
usually significant domain differences between the 
training data relied on by the auxiliary modules and the 
real occlusion scenarios, which can easily lead to the 
degradation of the model's performance in real-world 
deployments, thus limiting the scalability and usefulness 
of this class of methods for occluded person Re-ID tasks.

2.2 Attention Mechanisms

The attention mechanism, as an important module in 
deep neural networks, can capture the key feature 
information of the target and enhance the model's ability 
to perceive discriminative regions. Fu et al.[15] proposed a 
dual attention network that fuses spatial and channel 
attention mechanisms to enhance feature representation in 
scene segmentation tasks. To better model global 
structural relationships, Zhang et al. [16] proposed a 
Relation-Aware Global Attention (RGA) module, which 
mines the global clustering structure by modelling 
bidirectional relationships between features, thus guiding 
the attention mechanism to focus on discriminative 
regions, but this method has high computational and 
memory overheads. To address the problem of pose 

change and image alignment, Li et al. [17] proposed 
Harmonious Attention CNN (HA-CNN) to jointly learn 
'soft' pixel-level attention and 'hard' region-level attention 
to capture both global and local information. Fan et al. [18] 
proposed a Dual Structural Feature Network (DSF-Net), 
which dynamically discards the highest-attention region 
in the Euclidean structured branch through a feature 
discarding mechanism based on positional attention, thus 
directing the network to focus on other key regions. The 
network is guided to pay attention to other critical 
regions, thus avoiding the domination of feature learning 
by the occluded regions, and improving the performance 
of Re-ID in occluded scenarios.

The aforementioned methods improve the capability 
of attention mechanisms to model discriminative regions 
to some extent. However, in occluded scenarios, the 
occluded areas often occupy a larger portion of the image 
or exhibit strong interference, causing the network to 
allocate insufficient focus to the critical visible regions. 
This limitation ultimately degrades overall recognition 
performance. Consequently, enhancing the network's 
ability to emphasize key visible parts remains a crucial 
challenge in occluded person Re-ID.

Position Attention Mechanism (PAM) is able to 
enhance the correlation between pixels and improve the 
representation of high-attention regions by modelling the 
long-range dependencies between different spatial 
locations in an image. Compared with complex global 
modelling methods, PAM has a lightweight structure and 
low parameter overhead, which can enhance the 
perception of critical regions while maintaining 
computational efficiency. For this reason, this paper 
introduces the PAM module and designs the visibility 
factor based on it to evaluate the concentration degree of 
the attention distribution, in order to enhance the model's 
adaptability to the visibility change of the occluded 
region, and to improve the model's robustness in 
recognizing the human body region with the addition of a 
smaller number of parameters.

2.3 Loss Functions

In the Re-ID task, the loss function, as a metric 
mechanism to measure the difference between the model 
predictions and the real labels, plays a central role in 
guiding the optimization of the model parameters, 
improving the feature discrimination ability, and 
guaranteeing the training stability. Especially under the 
conditions of complex scenes such as occlusion, 
viewpoint change and background interference, the loss 
function is particularly crucial in strengthening model 
robustness. Therefore, the selection and design of the loss 
function becomes one of the key factors affecting the 
performance of the Re-ID system. In the occluded person 
Re-ID framework proposed in this paper, three types of 
loss functions with complementary properties are 
incorporated: label-smoothed identity loss, multi-
similarity loss, and triplet loss. The design principles and 
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optimization mechanisms of the three types of loss 
functions are described in detail in the following section.

(1)Identity Loss for Label Smoothing
In the Re-ID task, Identity Loss (ID Loss) [19] 

transforms the Re-ID problem into a multi-classification 
problem by supervising the model to learn the features of 
different pedestrians through Cross-Entropy Loss. The 
approach essentially expects the model to accurately 
predict the corresponding identity label for each input 
image. Conventional cross-entropy loss uses a 'Hard 
Label', which assigns a value of 1 to the correct category 
and 0 to the rest, and the function is expressed as:

LID =-∑i=1

N yi log ( pi )   
ì
í
î

yi = 0y ¹ i

yi = 1y = i
(1)

whereiÎ {12...N}denotes the pedestrian category, N 
denotes the number of pedestrian images in the training 
set, y is the true label, pi is the predictive logic value of 
the network, and pi can be expressed as:

pi = arg max
exp ( )( )Wyi

T
xi

∑j=1

C exp ( )( )Wj

T
xi

(2)

Where xi is the ith sample feature, C is the total number 
of label types, and Wj is a classifier for whether feature xi 
belongs to label j, consisting of a fully connected layer. 
Wyi represents the classifier weight vector corresponding 
to the ground-truth label of the ith sample.

However, the traditional cross-entropy loss may 
cause the model to be overconfident in the prediction 
results at the late stage of training, resulting in overfitting 
and reducing the generalization ability of the model. By 
introducing Label Smoothing Regularization (LSR) to 
smooth the true labels and introduce appropriate 
uncertainty, the robustness and generalization ability of 
the model can be improved.

yi =
ì
í
î

ïï

ïïïï

yi = 1 -
N - 1

N
ε    if i = y

ε/N                         otherwise
(3)

whereεis a hyperparameter with a small value that 
prevents the model from being overconfident in the 
training labels and reduces overfitting.

(2)Multi-similarity Loss
Multi-similarity Loss (MS Loss)[20] is a loss function 

for Deep Metric Learning (DML), which dynamically 
adjusts the weights of difficult samples to learn 
discriminative features more efficiently by 
simultaneously considering the three similarity relations 
(self-similarity, positive-sample relative similarity and 
negative-sample relative similarity) of the sample pairs. 
The formula for multiple similarity loss is as follows:

LMS =
1
m∑i=1

m é

ë

ê
êê
ê
ê
ê ù

û

ú
úú
ú
ú
ú1

α
log ( )1+∑

jÎPi

e
-α(Sij-λ) +

1
β

log ( )1+∑
kÎNi

e
β(Sik-λ)

(4)

where m is the number of samples, Sij is the cosine 
similarity between the anchor sample i and the positive 

sample j, Sik is the cosine similarity between the anchor 
sample i and the negative sample k, Pi and Ni represent 
the sets of positive and negative samples of i, 
respectively. α, β are hyperparameters that control the 
weights of hard samples and λ is the similarity offset.

(3)Triplet Loss
Triplet Loss[21] is one of the most classical loss 

functions in deep metric learning, which makes samples 
of the same class closer together and samples of different 
classes further away in the feature space by learning the 
relative distance relationship between samples. Each 
triplet consists of three components: an anchor, a positive 
sample and a negative sample. The goal of the triplet loss 
is to ensure that the distance between the anchor and the 
positive sample is smaller than the distance between the 
anchor and the negative sample, which is usually 
controlled by a hyperparameter. The formula for triplet 
loss is expressed as follows:

Ltriplet = max (d (ap)  - d (an)  + margin 0) (5)

where a is an anchor sample, p is a positive sample from 
the same class as a, n is a negative sample from a 
different class, and margin is a preset boundary 
hyperparameter controlling the minimum spacing 
between pairs of positive and negative samples. The goal 
of Triplet Loss is to make the distance d(a,p) between a 
and p as small as possible and the distance d(a, n) 
between a and n as large as possible.

3 The Proposed Model

To address structural information loss, feature 
degradation, and discriminative capability impairment 
induced by occlusion in person Re-ID, we propose 
VGDNet, which enhances discriminative robustness 
under complex occlusion scenarios through adaptive 
feature pathway modulation. The framework of VGDNet 
implements a visibility-aware mechanism that 
dynamically regulates feature extraction pathways 
according to varying occlusion patterns, enabling context-
dependent weighting of global-local feature 
dependencies. The following sections detail the network 
architecture and submodule design specifications.

3.1 Overall Network Structure

The VGDNet architecture is illustrated in Fig.2. The 
framework is based on the improved OSNet backbone[22] , 
leveraging its lightweight feature extraction structure. 
The input images undergo forward propagation through 
the OSNet backbone, with feature extraction terminating 
at the first convolutional layer (conv3_0) of Block 3. This 
design achieves model compression while preserving the 
low-level and mid-level semantic information expressi-
veness.

Following the backbone network conv3_0 layer, the 
architecture integrates a PAM with dual-branch feature 
extraction, and introduces a multi-objective joint loss 
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function for end-to-end optimization guided by the multi-
granularity supervision mechanism. To enhance target 
region perception under occlusion, the PAM module 
captures global spatial dependencies within backbone 
features, emphasizing semantically salient regions to 
improve feature consistency and discriminative capacity. 
The enhanced features of the PAM module are processed 
by the two branches of global complementary and dual-
path local in parallel, both inheriting OSNet's layer 
structure from conv3_0 through Block 5. This 
configuration generates unified feature representations.

Furthermore, a visibility factor (α) is formulated 
within the PAM module based on the normalized 
information entropy of the positional attention graph to 
quantify occlusion intensity in local feature map regions. 
This factor simultaneously characterizes the 
concentration of attention distribution and serves as a 
pivotal guidance signal to dynamically modulate 
collaborative modeling between dual-branch feature 
pathways. By leveraging the visibility factor to adjust 
inter-branch weighting coefficients, the model adaptively 
regulates the interdependence ratio of global and local 
features according to image-specific occlusion variations, 
thereby enhancing recognition stability and 
generalization capability under diverse occlusion 
scenarios. The global complementary branch augments 
holistic pedestrian representation modeling through an 
explicit-implicit dual-path mechanism: The explicit 
pathway preserves global structural information, while 
the implicit pathway employs Top DropBlock[23] to 
selectively suppress highly activated regions, compelling 
the network to discover latent features in low-response 
areas. The dual-path local branch enhances fine-grained 
feature extraction via a reorganization-concatenation 
mechanism, wherein the reorganization pathway utilizes 
visible regions to generate discriminative local 
representations, and the concatenation pathway reinforces 
semantic interdependencies between spatially contiguous 
regions to improve feature consistency under occlusion.

In addition, to achieve simultaneous optimization of 
pedestrian feature discriminability, robustness, and 
generalization capability, a multi-objective joint loss 

function is formulated. Under the multi-granularity 
supervision, MS Loss and Triplet Loss jointly optimize 
pre-BN layer[19] features within each branch, 
incorporating a learned weighting scheme to enhance 
intra-class compactness and inter-class separability in the 
metric space. Post-BN layer features are retained for 
inference to maintain the representation consistency. 
Features following the fully-connected layer are further 
subjected to label-smoothed ID Loss optimization to 
mitigate overfitting risk and strengthen generalization 
performance.

3.2  Visibility-Factor-based Position Attention 
Mechanism

A characteristic challenge in occluded pedestrian 
images is the spatially disorganized distribution of 
attention. When critical human body parts are obscured, 
the model lacks stable semantic cues, leading the 
attention mechanism to disperse focus more uniformly 
across the image. This behavior results in an increased 
entropy value within the attention map. By computing the 
average normalized information entropy of the entire 
feature representation, we can quantitatively assess the 
structural clarity of the image and the degree of 
occlusion. This metric effectively captures the image's 
interpretability and discriminative capacity in the feature 
space, thereby providing a global-level prior for 
occlusion-aware feature extraction.

A characteristic challenge in occluded pedestrian 
images is the spatially disorganized distribution of 
attention. When critical human body parts are obscured, 
the model lacks stable semantic cues, leading the 
attention mechanism to disperse focus more uniformly 
across the image. This behavior results in an increased 
entropy value within the attention map. By computing the 
average normalized information entropy of the entire 
feature representation, we can quantitatively assess the 
structural clarity of the image and the degree of 
occlusion. This metric effectively captures the image's 
interpretability and discriminative capacity in the feature 
space, thereby providing a global-level prior for 

Fig.2 Overall network structure of the VGDNet
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occlusion-aware feature extraction.
Leveraging the visibility factor as a dynamic 

modulation signal, the model adaptively regulates its 
reliance on global and local feature branches during 
training. This optimization adjusts feature extraction 
strategies according to occlusion conditions, mitigating 
performance degradation induced by occlusions. The 
visibility factor is formulated to address feature 
extraction impairment resulting from visibility 
uncertainty in target regions during occluded Re-ID tasks. 
It establishes a global regulation mechanism that 
dynamically senses occlusion intensity and modulates 
feature extraction pathway selection.

3.2.1 Position Attention Mechanism

The network architecture of the position attention 
mechanism based on the visibility factor is depicted in 
Fig. 3. Let the feature map output from the truncated 
OSNet backbone up to the conv3_0 convolutional layer 
be denoted as FÎRC´H´W, where C represents the number 
of channels, and H and W denote the height and width of 
the feature map, respectively. The feature map F is 
subsequently processed through three separate 1×1 
convolutional layers to produce three transformed feature 
representations: XÎRC'´H´W, YÎRC'´H´W, andZÎRC´H´W, 
where C′ is the reduced number of channels, typically set 
to C/8 to alleviate computational overhead.

Subsequently, the feature representations X and Y are 
reshaped to dimensionsXÎRC'́ NandYÎRC'́ N, respectively, 
whereN =H ´W. To capture the pairwise positional 
relationships across all spatial locations, X is transposed 
toRN´C'and matrix-multiplied with Y. Finally, the 
positional attention weight matrixPÎRN´Nis obtained 
using the softmax layer. This process can be formally 
expressed as:

P[ij]=
exp(Xi·Yj )∑j=1

N exp(Xi·Yj )
 ijÎ {1N} (6)

P[i,j] represents the attentional weight of the ith 
position to the jth position in the space. This attention 
weight matrix effectively captures the global spatial 
dependencies, thereby enhancing the representation of 
salient regions during feature modeling while suppressing 
the interference of irrelevant or redundant information.

After embedding the positional attention weights by 
multiplying the feature map Z with the attention matrix P, 
the result is superimposed with the original feature map 
to produce the final attention-enhanced feature 
representation Out, as formulated in Equation (7).

Out = λZ·P +F (7)

Here, λis a learnable weight parameter for attention 
modulation, and the output feature map Out is 
subsequently fed into the dual-branch network for further 
processing.

3.2.2 Construction of the Visibility Factor

As discussed in Section 2.1, the occluded Re-ID task 
poses a significant challenge wherein the network 
exhibits a tendency to allocate excessive attention to 
heavily occluded regions, consequently neglecting critical 
visible body parts and impairing overall recognition 
performance. Occluded regions are frequently associated 
with anomalous attention responses, characterized by the 
misallocation of attention toward irrelevant background 
or distractive elements. This spatial misalignment 
undermines the model's capacity to accurately localize 
semantically informative regions of the target. To address 
this limitation and enhance the model's occlusion-
awareness, this work introduces an information entropy-
based metric derived from the attention weights 
P[i,j] described in Section 3.2.1. Information entropy is 
employed to quantify the degree of disorder within the 
attention distribution, serving as a statistical measure of 
attention dispersion and uncertainty. Based on this 
formulation, a visibility scoring mechanism is established 
to evaluate the structural coherence and occlusion 
severity of input images, thereby providing a principled 
indicator to guide feature extraction under occlusion 
conditions.

The normalized information entropy is employed as 
a quantitative indicator of attention clutter at each spatial 
position. For the ith position, the entropy of the attention 
distribution is defined as:

Fig.3 Network architecture of the visibility-factor-based position attention mechanism
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H(i)=-
1

log N∑j=1

N

P[ij]´ log(P[ij] ) (8)

here H(i) denotes the attention entropy of the ith 
position, value ∈ [0,1].

To evaluate the overall visibility of an image, the 
normalized entropy values across all spatial positions are 
averaged to compute the mean information entropy of the 
entire feature map:

H̄ =
1
N∑i=1

N

H(i) (9)

Based on the quantitative analysis of the attention 
distribution's information entropy, the visibility factor α
∈ [0, 1] is further defined as an inverse function of the 
attention entropy, serving as a complementary measure 
of the clarity and structural integrity of the feature 
map:

α = 1 - H̄ (10)

During the training phase, the visibility factor is 
utilized to adaptively modulate the model's dependence 
on the global complementary branch and the dual-path 
local branch. Specifically, the outputs from each branch 
are dynamically weighted through a visibility-aware 
modulation mechanism, thereby enabling the model to 
adjust feature aggregation strategies in accordance with 
occlusion conditions. The branch outputs under this 
adaptive weighting scheme are formally defined as 
follows:

glo'= α × glo

par'= (1 - α) × par
(11)

In which glo denotes the global complementary 
branch, which is designed to enhance the representation 
of global semantic information for occluded pedestrians 
via an explicit – implicit dual-path mining strategy. This 
branch aims to compensate for the semantic degradation 
introduced by occlusion through comprehensive global 
context modeling. In parallel, par represents the dual-
path local branch, which focuses on extracting fine-
grained discriminative features from localized regions. 
This design effectively alleviates the adverse impact of 
missing or attenuated local information under occlusion 
conditions, thereby preserving the model's discriminative 
capacity.

An illustrative example of information entropy 
computed from positional attention weights is depicted in 
Fig. 4. The positional attention matrix, with a 
dimensionality of 4×4, represents the spatial attention 
distribution of each location relative to all other positions 
within the feature map. Shannon entropy is employed to 
quantify the uncertainty associated with each row of the 
matrix, revealing significant variability in entropy values 
across different spatial positions. This variation reflects 
differing degrees of confidence in the attention 
distributions. Detailed interpretations are provided as 
follows:

The attention distributions corresponding to the first 

and second rows exhibit relatively high concentration, 
reflected by lower entropy values of 0 and 0.47, 
respectively. In particular, the first row assigns full 
attention to its own spatial position (with a self-weight of 
1 and zero weights for all others), resulting in an entropy 
of 0. This indicates a completely deterministic attention 
distribution, signifying the model's high confidence in 
this spatial location. In contrast, the third and fourth rows 
demonstrate more dispersed attention patterns, with 
corresponding entropy values of 1.97 and 1.84. Notably, 
the attention weights in the third row approximate a 
uniform distribution ([0.3, 0.2, 0.2, 0.3]), yielding the 
highest entropy among all rows. This reflects the model's 
maximum uncertainty in attention allocation for that 
spatial position.

Overall, entropy values serve as effective 
quantitative indicators for characterizing both the 
concentration and uncertainty embedded in attention 
distributions, thereby facilitating the evaluation of image 
saliency and occlusion severity. As a statistical metric of 
distributional uncertainty, information entropy enables 
the assessment of attention focus, indirectly reflecting the 
model's ability to localize and exploit discriminative 
regions. Statistically, higher entropy reflects a more 
dispersed attention distribution, often caused by 
occlusions, background clutter, or weak discriminative 
cues. While lower entropy indicates a more focused 
attention, suggesting that the model is effectively 
focusing on salient and discriminative regions.

Consequently, based on the inverse quantization of 
H̄, the visibility factor α exhibits a monotonic relationship 
with image occlusion: higher α values correspond to 
lower occlusion levels, while lower α values indicate 
more severe occlusion. Whenα® 1, the attention 
distribution becomes highly concentrated across spatial 
locations, with minimal occlusion and a distinctly visible 
target. Under these conditions, the model is inclined to 
prioritize global contextual features to facilitate identity 
recognition. Conversely, whenα® 0, the attention 
distribution becomes increasingly dispersed, indicating 
the presence of occlusion or background interference and 
the lack of a clearly defined region of interest. Under 
such circumstances, the discriminative power of global 
features is substantially reduced, prompting the model to 

Fig.4 Example of information entropy with position 
attention weights
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place greater emphasis on local feature representations to 
ensure accurate identity recognition.

In contrast to existing re-identification approaches 
that rely on explicit occlusion annotations, pose 
estimation, or semantic segmentation modules, the 
proposed visibility factor construction method is designed 
to operate independently of external priors or additional 
supervisory signals, thereby offering enhanced 
adaptability and generalizability. Furthermore, the 
visibility factor serves as a modulation signal that guides 
the dual-branch architecture, enabling dynamic 
adjustment of the reliance between global and local 
feature branches. This facilitates occlusion-aware 
optimization in the feature extraction process, thereby 
improving the model's robustness under varying visibility 
conditions.

3.3 Global Complementary Branch

To address the limitations of Re-ID models in 

capturing implicit global features and their diminished 
robustness under complex occlusion conditions, a global 
complementary branch is introduced. This branch 
employs an explicit – implicit dual-path mining 
mechanism to systematically enhance the representation 
of global semantic information associated with occluded 
pedestrians. By reinforcing global contextual 
understanding, the proposed architecture significantly 
improves the model's discriminative capability in 
occlusion scenarios.

The global complementary branch structure, as 
illustrated in Fig. 5, processes the initial feature map of 
dimensions 512×24×8 obtained after the conv5 layer. It 
first performs explicit feature extraction using 
Generalized Mean Pooling (GeM). GeM employs a 
nonlinear spatial information aggregation strategy, 
preserving the most semantically discriminative regional 
features, thereby providing a clear and stable global 
representation GÎR512´1´1for the Re-ID task.

To further exploit structurally informative yet 
weakly activated features within the spatial 
representation, an implicit modeling path is incorporated 
employing the Top DropBlock strategy. This path 
processes the initial feature map through a dropout 
module that selectively identifies and suppresses 
horizontally aligned regions exhibiting the highest 
activation responses. By masking these dominant regions, 
the network is guided to attend to less salient but 
potentially discriminative areas, thereby alleviating the 
loss of critical information caused by occlusion and 
enhancing the robustness of the feature representation.

The low-response feature region retained after the 
Top DropBlock operation is further processed via Global 
Max Pooling (GMP) to generate Gdrop, an implicit global 
feature with dimensions 512×1×1. Serving as a 
complementary representation to the explicit branch, this 
feature enhances the completeness and robustness of the 
overall feature embedding, thereby facilitating global 
modeling with improved generalization capability.

3.4 Dual-path Local Branch

As illustrated in Fig. 6, the dual-path local branch 
consists of two integral components: the local feature 
reorganization path and the local feature concatenation 
path. These complementary pathways collaboratively 
enhance local feature representations by addressing fine-
grained structural modeling and category discriminability. 
This architectural design effectively mitigates 
performance degradation resulting from missing or 
corrupted local information in occluded scenarios. 
Specifically, the local feature reorganization path 
introduces controllable information redundancy and 
enforces spatial continuity constraints to reinforce fine-
grained feature learning. Concurrently, the local feature 
concatenation path emphasizes the enhancement of inter-
region category separability, thereby augmenting the 
discriminative capability of local features. Functionally 
complementary and synergistic, these sub-paths jointly 
construct robust and semantically enriched local 

Fig.5 Network structure of the global complementary branch
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representations, significantly improving the model's 
regional perception and recognition accuracy under 
occlusion conditions.

In the subsequent sections, the local feature 
reorganization path and the local feature concatenation 
path will be introduced in detail, respectively.

(1) Local feature reorganization path
To alleviate the detrimental effects of local 

occlusions on Re-ID performance, a local feature 
reorganization strategy based on overlapping regions is 
proposed. In contrast to conventional methods that 
partition the feature map into uniformly spaced, non-
overlapping segments, the proposed approach introduces 
spatial overlap between adjacent local regions. By 
embedding redundant information and enforcing 
continuity constraints across neighboring regions, this 
strategy enhances the model's sensitivity to fine-grained 
variations, thereby improving its robustness and efficacy 
under complex occlusion scenarios.

Specifically, the input feature map of dimension 
512×24×8 is initially partitioned into four equal local 
regions along the horizontal axis. Subsequently, a sliding 
fusion strategy is employed to concatenate every two 
adjacent regions, producing three local regions with a 
50% spatial overlap. Each overlapped region has 
dimensions of 512×12×8. This reorganization enables 
certain spatial locations to be shared between neighboring 
regions, thereby achieving redundant representations of 
discriminative information. The overlap design enhances 
the robustness against feature occlusion by ensuring that, 
even if one region is occluded, its critical features are 
partially preserved in adjacent regions. This mechanism 
effectively mitigates information loss due to occlusion, 
thereby improving the stability and robustness of the 
overall recognition process.

Finally, Global Average Pooling (GAP) is applied to 
the three reorganized local regions to achieve feature 
dimensionality reduction and global contextual 
aggregation. Following GAP, three fine-grained feature 

vectors P1, P2 and P3, each of dimension 512×1×1, are 
obtained. These fine-grained vectors provide enhanced 
discriminative representations of local details, thereby 
contributing to improved accuracy and robustness during 
subsequent feature fusion.

(2) Local feature concatenation path
To address the degradation of discriminative 

capacity in local regions caused by occlusion, a local 
feature concatenation strategy is proposed. This approach 
compensates for information loss by aggregating 
semantic features from multiple local regions, thereby 
enhancing the overall discriminative power of the feature 
representation.

Firstly, the Average Pooling (AP) operation is 
applied to each of the four local regions obtained from 
the initial segmentation to obtain four local feature 
vectors, all with dimensions of 512×1×1. Subsequently, 
these four feature vectors are spliced along the channel 
dimensions to obtain a high-dimensional discriminative 
feature representation, P4, which has dimensions of 2048×
1×1. Through this concatenation strategy, the model is 
able to integrate information from different localized 
regions, thus enhancing the discriminative nature of the 
overall features and improving the recognition of 
occluded pedestrians.

3.5 Multi-objective Joint Loss Function

In this paper, we propose a novel multi-objective 
optimization framework that integrates complementary 
loss functions. As detailed in Section 2.3, the framework 
combines label-smoothed ID Loss, MS Loss, and Triplet 
Loss—each contributing distinct advantages—to jointly 
enhance the model's feature discriminability, robustness, 
and generalization capability. The overall formulation of 
the combined loss function is expressed as follows:

Ltotal = λ 1 LID + λ2 LMS + (1 - λ2 ) LTriplet (12)

Here, LIDdenotes the label-smoothed ID Loss, which 
is weighted by a balancing factorλ1. The terms LMSand 
LTripletrepresent the MS Loss and Triplet Loss, 

Fig.6 Network structure of the dual-path local branch
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respectively, both of which are constrained by a 
balancing factorλ2.

Within the dual-path local branch, local features (P1–
P4) are optimized exclusively using label-smoothed ID 
loss, intentionally excluding metric learning objectives. 
This design choice stems from the susceptibility of local 
regions to background occlusions and the presence of 
increased noise, which, if directly subjected to metric 
learning, may induce feature space contamination, hinder 
the acquisition of discriminative features, and potentially 
degrade overall model performance. Consequently, to 
ensure the stability and reliability of local feature 
representations, optimization is conducted solely under 
classification supervision.

During model training, the feature representation in 
unit space and rank space can be formally defined as two 
feature sets:

I = {G′drop P′1 P′2 P′3 P′4}
R = {GGdrop}

(13)

where the set I denotes the feature space for supervised 
learning by label-smoothed ID loss only, and the set R 
denotes the feature space optimized using the joint loss 
function.

4 Experiments

To validate the effectiveness of the proposed method 
in occluded Re-ID tasks, comprehensive experiments 
were conducted on three benchmark datasets: Occluded-
Duke, DukeMTMC-ReID, and Market-1501. The 
experimental procedure comprises the following steps:

(1)Firstly, the superiority of the multi-objective joint 
loss function over single-loss approaches is empirically 
evaluated in terms of feature discriminability and 

generalization capability.
(2)Secondly, ablation studies are performed on the 

visibility-guided positional attention mechanism, the 
global complementary branch, and the dual-path local 
branch to quantify the individual contributions of each 
component to overall performance enhancement. 
Furthermore, comparative experiments against state-of-
the-art methods demonstrate that the proposed approach 
achieves competitive results across multiple key 
evaluation metrics.

(3)Finally, qualitative analysis is conducted to 
visualize the model's feature discrimination efficacy 
under occlusion conditions.

4.1 Datasets and Evaluation Measures

Comprehensive experiments are conducted on three 
widely adopted benchmark datasets: Occluded-Duke, 
DukeMTMC-ReID, and Market-1501. These datasets 
encompass various challenging conditions, enabling 
thorough evaluation of the model's generalization ability, 
cross-view matching robustness, and occlusion handling 
capability.

Occluded-Duke[12] is a benchmark dataset 
specifically constructed for occluded person Re-ID tasks, 
derived from the widely used DukeMTMC-ReID dataset 
and extended to emphasize occlusion scenarios observed 
in real-world surveillance environments. It comprises a 
total of 35,589 images corresponding to 1,812 pedestrian 
identities, and includes both holistic and partially 
occluded samples. The training set contains 702 identities 
(8, 010 images), while the test set includes 1, 110 
identities, consisting of 2, 210 query images and 17, 761 
gallery images. Representative examples from the 
Occluded-Duke dataset are presented in Fig. 7. The 
occlusion types predominantly include static obstacles 
and occlusions caused by non-target pedestrians.

All query images and approximately 10% of the 
gallery images exhibit varying degrees of occlusion, 
ensuring that each matching set contains at least one 
occluded sample.

DukeMTMC-ReID[24] is captured on the Duke 
University campus using eight non-overlapping cameras 
covering a wide range of lighting, angle, background, and 
occlusion scenarios, and in particular includes a variety 
of occlusion scenarios to fully represent the difficulty of 
recognition in complex environments. The dataset 
contains 36, 411 images covering a total of 1, 812 

identities. The training set consists of 702 pedestrians (16,
522 images), and the test set covers the remaining 1,110 
pedestrians, containing 2, 228 query images and 17, 661 
gallery images.

Market-1501[25] is one of the most widely used 
benchmark datasets in the field of Re-ID. The dataset 
provides a total of 32, 668 pedestrian images and is 
divided into non-overlapping training and test sets by 
identity, containing 751 pedestrians (12,936 images) and 
750 pedestrians (19, 732 images), respectively. The test 
set is further divided into a query set (3,368 images) and 

Fig.7 Example of the Occluded-Duke dataset
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a gallery set for evaluating image retrieval performance.
To comprehensively evaluate the retrieval 

performance of the Re-ID model, two mainstream metrics 
are used: Cumulative Matching Characteristic (CMC) 
curve and mean Average Precision (mAP). The CMC 
measures the probability that the target pedestrian is 
successfully matched within the top-k retrieval results, 
with the Rank-1 accuracy being particularly critical. The 
mAP represents the mean of the Average Precision (AP) 
across all query samples, comprehensively reflecting both 
retrieval precision and recall. The formulas for CMC and 
mAP are as follows:

CMC(n)=
1
M∑i=1

M pi  n = 12N (14)

mAP =
1
C∑k=1

C APk (15)

hereMis the sample number of pedestrian images, 
Nis the total number of query images, if the ith image 
matches correctly, then pi =1 otherwise pi =0, C is the 
number of images to be recognized.

4.2 Implementation Details

In this paper, OSNet pre-trained on ImageNet is 
used as the baseline network. In the training stage, the 
input images are first channel-by-channel normalized 
(zero mean, unit variance) and uniformly adjusted to a 
spatial resolution of 384×128. In order to improve the 
generalization ability of the model, data enhancement 
strategies such as width-height scaling to 105% of the 
original size, random cropping, and horizontal flipping 
with 0.5 probability are used. Furthermore, Random 
Erasing[26] is introduced for occlusion augmentation, 
which randomly selects rectangular regions on images for 
occlusion to simulate diverse occlusion patterns, thereby 
improving the model's robustness in occluded scenarios.

The training process consists of 160 epochs with a 
batch size of 48, where each batch contains 8 pedestrian 
identities and 6 images per identity. The Adam optimizer 
is employed with momentum factors β ₁ =0.9 and β ₂ =
0.999, using an initial learning rate of 6×10⁻⁴ and a warm-
up cosine annealing schedule[27] : During the first 10 
epochs, the learning rate linearly increases from 6×10⁻⁵ to 
6×10⁻⁴, for the remaining 150 epochs, it gradually decays 
following a cosine function. The model is trained under 
the supervision of a multi-objective joint loss function to 
enhance feature discriminability and robustness. During 
testing, the final representation is obtained by 
concatenating dual-branch features, with cosine distance 
used for matching evaluation. Detailed experimental 
environment parameters are shown in Table 1.

4.3 Loss Function Validity Analysis

The multi-objective joint loss function combines the 
label-smoothed ID loss with two types of metric losses—
MS Loss and Triplet Loss—to synergistically enhance 
both the discriminability and robustness of pedestrian 
features. To balance the contributions of different loss 

components, two hyperparameters, λ1 and λ2, are 
introduced: λ1 controls the relative weights of the 
classification and metric losses (empirically set to 0.5), 
while λ2 adjusts the influence between the MS Loss and 
the Triplet Loss, and is tuned experimentally.

Table 2 presents an ablation study analyzing the 
impact of λ2 on model performance using the Occluded-
Duke dataset. When λ2 = 0, only ID Loss and Triplet Loss 
are introduced; when λ2 = 1, it is a combination of ID 
Loss and MS Loss. Fig. 8 illustrates a line graph of the 
effect of different λ2 values on the model performance on 
the Occluded-Duke dataset. As can be seen from the 
figure, both Rank-1 and mAP metrics show an increasing 
trend as the value of λ₂ increases. In particular, when λ2 = 
0.9, the model reaches optimal performance, and the 
Rank-1 accuracy and mAP are improved to 64.3% and 
57.1%, respectively. The experimental results show that 
the appropriate deployment of the weights of MS Loss 
and Triplet Loss significantly improves the discriminative 
ability of the model, verifying the positive effect of the 
multi-loss synergistic mechanism on the performance of 
the model, and further corroborating the complementary 
nature of different loss functions in terms of optimization 
objectives and learning preferences. Based on this, λ2 = 
0.9 is adopted as the optimal parameter for all 
experiments on the Occluded-Duke dataset in this paper.

Table 3 provides a comprehensive comparative 
analysis of the sensitivity of the parameter λ2 across 
DukeMTMC-ReID and Market-1501 datasets. As shown 
in Fig. 9, variations in λ2  exert a moderate yet non-

Table 1 Experimental environment parameters

Configuration

Operating System

CPU

Memory

GPU

Software Platform

Parameter

ubuntu20.04

16 vCPU Intel(R) Xeon(R) Platinum 8481C

32GB

NVIDIA RTX4090D

Python3.8、PyTorch2.0.0、CUDA11.8

Table 2　Experimental results for different λ2 on 

Occluded-Duke dataset

Method

λ2

0

0.1

0.3

0.5

0.7

0.9

1.0

1 – λ2

1.0

0.9

0.7

0.5

0.3

0.1

0

Occluded-Duke

Rank-1

59.6

60.5

61.7

61.6

64.1

64.3

63.1

mAP

53.7

54.1

54.5

55.1

56.2

57.1

56.0
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negligible impact on the overall model performance, 
influencing both Rank-1 accuracy and mAP. A detailed 
quantitative evaluation indicates that the model achieves 
its best performance when λ2=0.7. Specifically, on the 
DukeMTMC-ReID dataset, the configuration yields 
91.7% Rank-1 accuracy and 83.1% mAP, while on the 
Market-1501 dataset, it attains 96.4% Rank-1 accuracy 
and 91.0% mAP. These results demonstrate that an 

appropriately chosen λ2 can effectively balance the 
contributions of different loss components, thereby 
enhancing both discriminative capability and 
generalization. Consequently, we adopt λ2=0.7 as the 
optimal parameter setting for all subsequent experiments 
on these benchmark datasets.

4.4 Ablation Study

To evaluate the effectiveness of the proposed 
VGDNet, we conduct systematic ablation studies across 
three benchmark datasets: Occluded-Duke, DukeMTMC-
ReID, and Market-1501. As detailed in Tables 4 and 5, 
the experimental design incorporates six distinct model 
configurations: (1) Baseline: the base model; (2) 
Baseline+G: baseline with only the global 
complementary branch; (3) Baseline+P: baseline with 
only the dual-path local branch; (4) Baseline+G+P: 
baseline integrating both global and local branches; (5) 
Baseline+G+PAM: baseline combining global branch 
with positional attention mechanism; (6) Baseline+P+
PAM: baseline combining local branch with positional 
attention mechanism; and (7)

Baseline+G+P+PAM: the complete VGDNet 
architecture incorporating all components.

The experimental results validate that VGDNet 
achieves substantial performance gains on Re-ID tasks, 
where each component module demonstrates both 

independent efficacy and synergistic benefits when 
integrated. The detailed analysis is as follows:

The experimental results demonstrate consistent 
performance improvements across all three benchmark 
datasets through the incorporation of proposed modules, 

Fig.8 Impact of λ₂ variation on model performance on 
Occluded-Duke dataset

Table 3　Experimental results for different λ₂ on DukeMTMC-
ReID and Market-1501 datasets

Method

λ2

0

0.1

0.3

0.5

0.7

0.9

1.0

1 –λ2

1.0

0.9

0.7

0.5

0.3

0.1

0

DukeMTMC-ReID

Rank-1

90.9

90.7

91.3

91.1

91.7

91.4

91.0

mAP

82.5

82.4

82.9

82.6

83.1

82.8

82.6

Market-1501

Rank-1

96.4

96.2

96.4

96.4

96.4

96.2

96.2

mAP

90.9

90.9

90.8

90.9

91.0

90.9

90.6

Fig.9 Impact of λ₂ variation on model performance on DukeMTMC-ReID and Market-1501 datasets

Table 4　Ablation study results of module combinations on 
Occluded-Duke dataset

Network Branch

Baseline

Baseline+G

Baseline+P

Baseline+G+P

Baseline+G+PAM

Baseline+P+PAM

Baseline+G+P+PAM

Occluded-Duke

Rank-1

57.4

58.9

60.4

61.5

62.2

61.3

64.3

mAP

44.9

50.3

52.4

55.0

55.7

52.7

57.1
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with both the global complementary branch (G) and dual-
path local branch (P) yielding significant enhancements 
over the baseline model. Particularly noteworthy is the 
superior performance of the dual-path local branch on the 
heavily occluded Occluded-Duke dataset, where it 
achieves remarkable improvements of 3% in Rank-1 
accuracy and 7.5% in mAP compared to the baseline, 
conclusively validating its exceptional capability in 
addressing occlusion challenges while maintaining 
competitive performance on standard datasets.

When both global complementary branch and dual-
path local branch (G+P) are integrated, the model 
achieves optimal performance, validating the 
complementary characteristics of the two in terms of 
feature representation. After further introducing PAM, the 
model achieves optimal performance on all three datasets. 
In the Occluded-Duke dataset, Rank-1 and mAP reach 
64.3% and 57.1%, respectively, representing 
improvements of 6.9% and 12.2% over the baseline. on 
the DukeMTMC-reID dataset, Rank-1 and mAP reached 
91.7% and 83.1%, respectively, representing improvements 
of 3.1% and 9.6% over the Baseline; on the Market-1501 
dataset, Rank-1 and mAP reached 96.4% and 91.0%, 
respectively, representing improvements of 1.6% and 
6.1% over the Baseline. This demonstrates that PAM 
effectively enhances the model's ability to perceive 
occluded regions, thereby improving overall recognition 
robustness.

4.5 Comparison with State-of-the-Art Method

Table 6 presents a comprehensive performance 
comparison between the proposed method and existing 
state-of-the-art approaches for occlusion handling in 
person Re-ID tasks. The experimental results demonstrate 
significant improvements across all evaluation metrics. 
Specifically, our method achieves a 12.9% and 19.8% 
enhancement in Rank-1 accuracy and mAP respectively 
compared to PGFA[12] , while outperforming HOreID[29] 
by 8.5% (Rank-1) and 13.3% (mAP). Even when 
compared with the competitive PGFL-KD[32] approach, 
our method maintains superior performance with gains of 

1.3% and 3.0% in Rank-1 and mAP metrics. 
Furthermore, compared with recent representative 
Transformer-based method TransReID, the Rank-1 and 
mAP are improved by 0.1% and 1.4%, respectively. 
These consistent improvements across multiple 
benchmarks substantiate that VGDNet delivers enhanced 
recognition capability and superior robustness in complex 
occlusion scenarios.

Furthermore, to comprehensively evaluate the 
performance of the proposed network, this paper 
categorizes the methods into four categories: global 
feature methods, local feature methods, attention 
mechanism methods, and other mainstream methods. 
Comparative experiments are conducted on two 
mainstream Re-ID benchmark datasets: DukeMTMC-
ReID and Market-1501. Table 7 presents the performance 
comparison results of the proposed method with various 
state-of-the-art methods on the aforementioned datasets. 
On the DukeMTMC-ReID dataset, the Rank-1 and mAP 
are 91.7% and 83.1%, respectively; on the Market-1501 
dataset, the Rank-1 and mAP are 96.4% and 91.0%, 
respectively, outperforming most current state-of-the-art 
methods. Compared with the similarly multi-branch 
structure PLR-OSNet[46] , our method improves the 
discriminative power of local features, achieving a 0.1% 
improvement in Rank-1 and a 1.9% improvement in mAP 
on the DukeMTMC-ReID dataset, and a 0.8% 
improvement in Rank-1 and a 2.1% improvement in mAP 
on the Market-1501 dataset. These results further validate 
the effectiveness and robustness of the proposed method 
in cross-scene Re-ID tasks.

In addition, compared with recent high-performance 
methods such as PLIP and TransReID, although these 
approaches achieve higher accuracy by introducing large-

Table 5　Ablation study results of module combinations on 
DukeMTMC-ReID and Market-1501 datasets

Network Branch

Baseline

Baseline+G

Baseline+P

Baseline+G+P

Baseline+G+PAM

Baseline+P+PAM

Baseline+G+P+PAM

DukeMTMC-ReID

Rank-1

88.6

89.5

90.4

91.3

89.8

91.0

91.7

mAP

73.5

78.9

80.0

82.8

79.4

81.0

83.1

Market-1501

Rank-1

94.8

95.3

95.9

96.2

95.4

95.6

96.4

mAP

84.9

89.2

89.5

91.0

89.2

89.5

91.0

Table 6　Comparison results with State-of-the-Art methods on 
Occluded-Duke dataset

Method

Part-Aligned[28]

PCB[5]

PGFA[12]

PVPM[13]

HOreID[29]

Prit[30]

OAMN[31]

PGFL-KD[32]

PAT[33]

TransReID[34]

Ours

Ours(RK)[35]

Occluded-Duke

Rank-1

28.8

42.6

51.4

47.0

55.8

60.0

62.6

63.0

64.5

64.2

64.3

68.0

mAP

20.2

33.7

37.3

37.7

43.8

50.9

46.1

54.1

53.6

55.7

57.1

67.2
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scale pre-trained models or Transformer-based 
architectures (e. g., PLIP achieves a Rank-1 accuracy of 
96.8% and an mAP of 91.4% on Market-1501, while 
TransReID attains a Rank-1 accuracy of 95.2% and an 
mAP of 88.9%), they typically rely on substantial 
parameter sizes and computational costs, making them less 
efficient for practical deployment. In contrast, our proposed 
model maintains a much lower complexity while achieving 
comparable or even superior performance under occluded 
scenarios, which highlights its advantages in lightweight 
design and practical applicability.

4.6 Visual Analysis

To further validate the robustness of the proposed 
VGDNet under occlusion conditions, we conducted a 
comprehensive visualization analysis of its recognition 
performance. As illustrated in Fig.10-12, the visualization 
results demonstrate the model's retrieval capability, where 
black bounding boxes denote query images and "Top-10" 
represents the highest-ranked candidate matches based on 
similarity metrics. Correct identifications are highlighted 
with green bounding boxes, while erroneous matches are 
marked in red. This visual assessment provides empirical 
evidence of the model's discriminative power in 

occlusion scenarios.
Fig. 10 presents a comparative visualization of 

retrieval performance under occlusion scenarios in the 
Occluded-Duke dataset. The baseline network, relying 
solely on single-scale feature extraction, demonstrates 
notable performance degradation when handling 
occluded samples. In the first test case involving inter-
person occlusion, the baseline fails to discriminate fine-
grained features between the target pedestrian and 
occluding individuals, resulting in ambiguous feature 
representations. Consequently, its Top-10 retrieval results 
contain minimal correct matches. The second case 
examines object occlusion, where the baseline's inability 
to model local occlusion patterns leads to ineffective 
capture of discriminative semantic attributes (e. g., 
clothing texture), significantly compromising recognition 
accuracy. By contrast, our proposed framework—
incorporating visibility-aware feature modulation and a 
dual-branch architecture—dynamically adjusts feature 
contributions from both global and local branches based 
on visibility estimation. This adaptive mechanism 
enhances feature representation in occluded regions while 
effectively suppressing occlusion-induced interference, as 
evidenced by the improved retrieval accuracy.

Table 7　Comparison results with State-of-the-Art methods on DukeMTMC-ReID and Market1501 datasets

Method Type

Global Method

Local Method

Attention Mechanism

Other Method

Method

SVDNet[36]

BoT[19]

Self-supervised[37]

OSNet[22]

SCPNet[38]

PCB+RPP[5]

HPM[6]

ISP[39]

MGN[40]

Mancs[41]

HA-CNN[17]

AANet[42]

CASN[43]

ABDNet[44]

BDB[45]

PLR-OSNet[46]

GPS[47]

DeepMiner[48]

PLIP[49]

TransReID[34]

Ours

Ours(RK)[35]

DukeMTMC-reID

Rank-1

76.7

86.4

89.0

88.6

80.3

82.9

86.6

89.6

88.7

84.9

80.5

87.7

87.7

89.0

86.8

91.6

88.2

91.2

91.1

90.7

91.7

93.9

mAP

56.8

76.4

78.2

73.5

62.9

68.5

74.3

80.0

78.4

71.8

63.8

74.3

73.7

78.6

72.1

81.2

78.7

81.8

81.7

82.0

83.1

90.3

Market-1501

Rank-1

82.3

94.5

94.7

94.8

91.2

93.1

94.2

95.3

95.7

93.1

91.2

93.9

94.4

95.6

94.2

95.6

95.2

95.7

96.8

95.2

96.4

96.9

mAP

62.1

85.9

86.7

84.9

75.2

81.0

82.7

88.6

86.9

82.3

75.7

83.4

82.8

88.3

84.3

88.9

87.8

90.4

91.4

88.9

91.0

94.9
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Fig. 11 presents the person Re-ID performance on 
the DukeMTMC-ReID dataset. The results demonstrate 
consistently high recognition accuracy across various 
occlusion conditions, including inter-pedestrian and 
object occlusions. Fig. 12 further evaluates the proposed 

method on the Market-1501 dataset, confirming its 
robustness even in scenarios with minimal or no 
occlusion. These visualizations validate the 
generalizability of our approach under diverse occlusion 
patterns.

Fig.11 Visualization results of Person Re-Identification on DukeMTMC-ReID dataset

Fig.10 Visualization results of Person Re-Identification on Occluded-Duke dataset

109



Menghan An et al: Visibility-Guided Dual-Branch Network for Occluded Person Re-Identification

Collectively, the visualization analysis substantiates 
that the proposed method consistently achieves robust 
recognition performance across varying occlusion 
complexities. These empirical results not only validate 
the method's efficacy but also demonstrate its practical 
viability for real-world deployment scenarios.

4.7 Lightweight Analysis

To evaluate the advantages of our method in 
lightweight design and its feasibility for practical 
deployment, we compare its parameter count and floating-
point operations (FLOPs) against several mainstream 
convolutional neural networks. The detailed quantitative 
comparison results are presented in Table 8.

The proposed method does not rely on external 
auxiliary modules such as human pose estimation or 
generative adversarial networks, which effectively 
reduces the structural complexity and training difficulty 
of the model. While maintaining high recognition 

performance, the model achieves a good balance between 
lightweight design and computational efficiency. As 
shown in the table, the proposed network exhibits 
significantly lower complexity than mainstream deep 
backbones, with 8.4M parameters and 21.2×10 ⁸ FLOPs. 
Compared with ResNet-50, the number of parameters is 
reduced by approximately 64%, and the computational 
cost decreases by about 21%. Although the parameter 
scale of our model is slightly larger than that of OSNet, it 
remains much more lightweight than the deeper ResNet-
101 and ResNet-152, while achieving superior 
recognition performance under occluded scenarios. In 
addition, when tested on an NVIDIA RTX 4090D GPU 
with a batchsize of 1 and input resolution of 384×128 
pixels, our model attains an average inference speed of 
about 65 FPS, demonstrating high inference efficiency 
and strong potential for practical deployment in real-time 
person re-identification applications such as intelligent 
surveillance and mobile devices.

5 Conclusion

In this paper, we propose a robust recognition 
network that integrates visibility-aware cues into a dual-
branch a- rchitecture to address the challenges of feature 
degradation caused by poor visibility in the occluded 
person Re-ID task. The proposed framework incorporates 
a positional attention mechanism to capture spatially 
informative regions within the image, while constructing 
a visibility factor derived from attention information 
entropy to dynamically regulate the balance between 

Table 8 Comparison of model parameters between mainstream 
networks and the proposed method.

network

ResNet-50

ResNet-101

ResNet-152

OSNet

Ours

Params(M)

23.5

42.5

58.1

2.2

8.4

FLOPs(×108)

26.7

50.9

75.6

9.8

21.2

Fig.12 Visualization results of Person Re-Identification on Market-1501 dataset
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global and local feature representation. Specifically, the 
global complementary branch augments semantic 
representation through synergistic explicit-implicit 
feature integration coupled with a Top DropBlock 
strategy. Concurrently, the dual-path local branch 
enhances fine-grained structural representation via region 
reorganization and high-dimensional feature concatenation 
operations. Furthermore, a multi-objective joint loss 
function is formulated to facilitate synergistic 
optimization of both discriminative capability and 
generalization performance. Comprehensive experiments 
conducted on standard benchmarks including Occluded-
Duke, DukeMTMC-ReID, and Market-1501 demonstrate 
that the proposed approach achieves state-of-the-art 
performance and robust generalization under occlusion 
scenarios. Nevertheless, this method still has certain 
limitations. Under extreme occlusion, when a large 
portion of the identity-relevant regions is covered, the 
lack of effective identity cues may still lead to 
performance degradation. In addition, when the input 
image is of low resolution, the loss of local region details 
can weaken the fine-grained feature modeling ability of the 
local branch. In future work, we will explore enhancing 
feature completion mechanisms and improving the model's 
adaptability to low-resolution inputs to further strengthen 
its robustness in more complex real-world scenarios.
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