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Abstract: Due to the lack of a specific design for scenarios such as scale change, illumination difference,
and occlusion, current person re-identification methods are difficult to put into practice. A Multi-
Branch Feature Fusion Network (MFFNet) is proposed, and Shallow Feature Extraction (SFF) and
Multi-scale Feature Fusion (MFF) are utilized to obtain robust global feature representations while
leveraging the Hybrid Attention Module (HAM) and Anti-erasure Federated Block Network (AFBN)
to solve the problems of scale change, illumination difference and occlusion in scenes. Finally,
multiple loss functions are used to efficiently converge the model parameters and enhance the
information interaction between the branches. The experimental results show that our method
achieves significant improvements over Market-1501, DukeMTMC-relD, and MSMT17. Especially on
the MSMT17 dataset, which is close to real-world scenarios, MFFNet improves by 1.3 and 1.8% on
Rank-1 and mAP, respectively.

Keywords: intelligent video analysis; deep learning; model recognition; person re-identification
method; Multi-Branch Feature Fusion Network

1. Introduction

Person re-identification (Person re-ID) is of significant importance in video under-
standing. It aims to automatically identify pedestrian images in video images of different
scenes based on a given picture of a target pedestrian. With the rapid development of deep
learning, person re-ID methods based on deep learning are constantly emerging.

These methods can extract advanced abstract features and effectively improve the accu-
racy of model recognition. The methods for extracting features from pedestrian images can
be categorized into two distinct groups: global feature learning methods and local feature
learning methods. Global feature learning methods usually extract features from pedestrian
images [1-3], which makes it difficult to capture detailed information about pedestrians.
Local feature-learning methods aim to learn the discriminative features of pedestrians and
ensure the alignment of each local feature. Commonly, local feature learning methods
include predefined stripe segmentation [4,5], multi-scale fusion [6-8], soft attention [9-11],
pedestrian semantic extraction [11-13], and global-local feature- learning [14-16]. These
techniques can mitigate challenges, such as occlusions, errors in boundary detection, and
variations in viewpoints and poses.

Copyright: © 2023 by the authors.
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Network (GLDFA-Net) framework with global and local branches and proposed a local
sliding alignment method into the local branch to calculate the distance measure. However,
the feature extraction networks of these models still lack specific designs for scenarios, such
as scale changes [7,19,20], illumination differences [21,22], and occlusions [23-25], so it is
hard to apply them to real scenarios.

In previous studies, particular attention was given to these common issues. Wang
et al. [25] proposed a novel Feature Erasing and Diffusion Network (FED), which incorpo-
rates an occlusion removal module trained to remove NPOs (Non-Pedestrian Occlusions)
features based on predicted occlusion scores, guided by an image-level NPOs enhancement
strategy. Subsequently, the feature diffusion module facilitates feature diffusion between
the NPOs feature-erased pedestrian representation and memory features to synthesize Non-
Target Pedestrian (NTP) features in the feature space. Liao et al. [7] introduced a person
re-ID method that, under a saliency model, enabling processing of images and extraction
of salient area images of human bodies in pedestrian images to mitigate interference from
complex backgrounds for person re-ID tasks. However, there is limited research addressing
joint solutions to multiple typical problems.

To address the aforementioned challenges, this paper proposes a Multi-Branch Feature
Fusion Network (MFFNet) for addressing person re-ID problems in diverse scenarios.
MFFNet comprises three branches: the multi-scale fusion global branch, the hybrid at-
tention local branch, and the saliency guidance local branch. The global branch employs
multi-scale feature fusion modules to balance the relationship between shallow image
texture features and deep image semantic features, thereby enhancing the ability of the
model to extract pedestrian features at various scales, scale changes, and illumination
differences. The hybrid attention local branch utilizes HAM to focus on key information
within spatial and channel features. Additionally, AFBN is employed to tackle occlusions
by guiding the model to concentrate on the salient and sub-salient regions of pedestrian
image features. Experimental results demonstrate the effectiveness of our approach with
Rank-1 of 95.2%, 92.5%, and 80.2% achieved on the Market1501, DukeMTMC-relID, and
MSMT17 datasets, respectively, outperforming other methods in [22,25-34].

2. Related Work
2.1. Transformer in Vision

Dosovitskiy et al. [35] introduced the Transformer model into the field of image
recognition for the first time and proposed the Vision Transformer (ViT) model, which
represents images as sequence data and inputs them into the Transformer model to achieve
classification tasks. Subsequently, Touvron et al. [36] introduced knowledge distillation
and data augmentation strategies, as well as efficient training strategies, which made
ViT achieve a significant improvement in data efficiency. Liu et al. [37] proposed the
Swin Transformer model, which effectively captures image features of different scales by
introducing a hierarchical structure based on shifted windows and obtains global context
information through hierarchical interaction. This method reduces the computational
complexity and further improves the representation and visual perception ability of ViT in
processing large-size images. To facilitate the extraction of features containing multi-level
semantic information, we employ the Swin Transformer model in conjunction with shallow
feature extraction and multi-scale feature fusion.

2.2. Attention Mechanism

The attention mechanism can aid the model in grasping the key information of the
data to improve the ability of the model to extract essential features. Jie et al. [38] proposed
a “Squeeze-and-Excitation (SE)” architecture, which can help the model achieve dynamic
correction of image channel features. Li et al. [39] proposed a Selective Kernel (SK) unit that
can gather information from multiple kernels, which enables neurons to dynamically adjust
the receptive field size based on the input information. The above methods apply channel
attention and spatial attention separately, ignoring the influence and correlation between
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them. Therefore, Woo et al. [40] proposed a Convolutional Block Attention Module (CBAM),
which blends channel attention and spatial attention, resulting in notable performance
enhancements while minimizing computational overhead.

3. Multi-Branch Feature Fusion Network

To address the challenges of person re-ID in complex scenes, we employ a “scene
decomposition” strategy and introduce the Multi-Branch Feature Fusion Network (MFFNet)
in this section. Specifically, the MFFNet contains three different branch networks: a multi-
scale fusion global branch (Section 3.1), a hybrid attention local branch (Section 3.2), and a
saliency guidance local branch (Section 3.3). The overall structure of the model is shown in
Figure 1.
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Figure 1. The overall framework of MFFNet.

3.1. Multi-Scale Feature Fusion Global Branch

This branch is designed hierarchically in an end-to-end manner, utilizing a Swin
Transformer [37] as the backbone network. It incorporates Shallow Feature Extraction
(SFE) and Multi-scale Feature Fusion (MFF) techniques to extract diverse global feature
information from pedestrians across multiple scales. The structure is depicted in Figure 2.
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Figure 2. Structure of the multi-scale feature fusion global branch.
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(1) Shallow Feature Extraction (SFE). As indicated in [41], convolutional layers excel at
image feature extraction, thereby producing a more robust feature representation. The
shallow feature extraction module introduced in this paper is depicted in Figure 3.

H W
Input 4 ’ 4 *C
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H*W*?:i‘ 5*7*12 2*1*48
Convolution Convolution Full Connection

Figure 3. Process of shallow feature extraction module (SFE).

Initially, an image of a pedestrian is denoted as I € RF*W*3 (H represents height,
W represents width, and 3 represents the number of channels in the image), is processed
through two convolution layers with a convolution kernel size of 2 x 2 and stride of 2
for the initial feature extraction, resulting in shallow feature expressions. Subsequently,
the number of feature channels is mapped to C via a fully connected layer, and it is
fed to the Swin Transformer Block [37] for deep feature extraction. Following this, deep
and shallow features are fused to strengthen the integration of local and global feature
representations. Finally, the combined features are introduced into the MFF to derive a
distinctive feature representation.

(2) Multi-scale Feature Fusion (MFF). The backbone network employs a layer-by-layer
abstraction approach to extract the target features, progressively expanding the field
of view of the feature map through convolution and downsampling algorithms.
Incorporating the concept of a feature pyramid [42], we introduce a multi-scale fusion
module to enhance feature representations at various levels, capturing both local
fine-grained features and global feature information of pedestrians. Additionally, this
module is compatible with different scales of the Swin Transformer models.

As depicted in Figure 2, within the MFF module, we independently extract features
from the outputs of the different stages in the backbone network. Because the feature maps
from the different stages possess distinct sizes, we apply bilinear interpolation to upsample
the extracted features sequentially. Subsequently, the original features, features generated
by the SFE, and upsampled features are merged using the Add operation. This fusion
of multi-level features with distinct perceptual domains enables the capturing of diverse
semantic information. Finally, the fused features are fed into a fully connected classifier for
the ultimate output.

3.2. Hybrid Attention Local Branch

The hybrid attention local branch is used to cope with the scene of illumination
differences and scale changes. We process the original image using random grayscale
and random scaling to simulate the illumination difference scene. Building on this, we
introduce a parallel hybrid module that combines channel and spatial attention. This
module enhances the capability of the model to emphasize crucial features while optimizing
computational efficiency.

As depicted in Figure 4, the processed image is first input into OSNet [8] for feature
extraction, and then the extracted feature F € R is input into the hybrid attention
module for maximum pooling and average pooling operations to compress the channels
and output two-dimensional maps Fs juax € RIxIhxw and Fs € RI*M<w - Maximum
pooling helps to retain significant information by selecting the largest pixel value in a
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specific region to represent the region. Average pooling computes the average value of
pixels within a specific region, representing the region effectively. This approach mitigates
errors caused by limited area sizes during feature compression, ensuring the preservation
of global information within the feature. After that, the generated two-dimensional map is
element-wise multiplied with the original feature map to acquire features encompassing
both salient and global information within the channel dimension. The calculation process
is shown in Equations (1) and (2):

Fs/_mux = U((M‘ZXPOOZ(F») ®F (1)
FL. = o((AvgPool(F))) & F @

where o (-) indicates the sigmoid function, and ® indicates element-by-element multiplication.

Max Pooling
Hybrid Attention Module(HAM)
HXWXI Y
Cx1x1
Average Pooling

Cx2x2 Cx1x1

Max Pooling

Cx1x1

—

Cx1x1
Max Pooling

HxWxC

Average Pooling ‘%
Cx1x1
Average Pooling

Figure 4. Hybrid Attention Module.

OSNet

We compress the spatial dimensions of F,  and F ,,,, to perform feature learning
in the channel dimension, and then obtain four spatial context feature descriptors, merge
them, and fuse them through Multi-Layer Perception (MLP) to generate the final attention
feature vector ws.. The calculation process is as follows:

Wee = U'(MLP (Angool (Fsl_avg) @ MaxPool (Fs’_wg) @® AvgPool (F, ,.y) (3)
®MaxPool (F ..2)))

where o (-) indicates the sigmoid function and & indicates concatenation.

3.3. Saliency Guidance Local Branch

The saliency guidance local branch is used to deal with the occlusion in the person re-
ID. We apply data augmentation to the input images of this branch to generate a sufficient
number of occluded samples for learning. The main idea of the Anti-erasure Federated
Block Network (AFBN) proposed in this paper is to utilize two adversarial classifiers
driven by feature erasure to find complementary object regions. The architecture of AFBN
is depicted in Figure 5.



Appl. Sci. 2023,13, 11707

6 of 15

Anti-erasure Federated Block Network (AFIQ

CELoss

Classifier A

6 parts model

Uy I

OSNet

(@ Threshold 3

@ Feature Erasure

v

fricar [JOEE=0]  ceros
L

Classifier B

4 parts model F /

Figure 5. Structure of AFBN.

The AFBN uses the OSNet of [8] as the backbone feature extraction network, and the
feature maps extracted from the backbone network are input into parallel classification
branches, each consisting of block networks. In order to avoid block overlapping and
invalidation of the same region after erasure, the number of blocks in the two branches
is different.

We propose Algorithm 1 for AFBN that identifies distinctive regions on the feature
map generated by Classifier A by applying a predefined threshold. This identification
process guides the zero-value replacement of the input features in Classifier B within the
identified regions. Following this, a global average pooling layer and softmax layer are
connected for classification. Ultimately, an integrated feature map is obtained by combining
the complementary feature maps generated by the two branches.

The algorithm of AFBN is shown as follows.

Algorithm 1: AFBN

Input: Training data I = {(I;, y;)}Y.,, threshold &

1: while training does not converge do

2: S« f(6o, L)) > Extract initial features Sy

3: MA < £(04,S,y;) > Extract features M%

4:R= M4 > > Obtain high discriminative regions R
5: S < erase(S,R) > Obtain erased features Sy

6: MB « £(05,S,v:) > Extract features M5

7: Mfyse = max (MA, W) t> Obtain fusion feature Mg,

8: end while

Output: My,

I={(I, yi)}iz\il represents the training image set, where y; is the label of the image
I;, and N represents the number of images. The input image I; is first transformed by the
backbone network f () into a spatial feature map S € RH1*W1*K with K channels and
Hp x Wy resolution. 6 represents the learnable parameters of the neural network. f(6,4)
represents Classifier A, which can generate an object feature map M4 € R™2XW2 of size
H, x W5, and M# is used to highlight the discriminative feature region of the target.
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3.4. Multiple Loss

The cross-entropy loss is used as the loss of the classification model to measure the
dissimilarity between the predicted values and the actual ground truth. In the context of
the person re-ID task, a smaller cross-entropy value indicates that the model’s judgment
of the pedestrian category aligns more closely with the true label. The cross-entropy loss
function L, is defined as follows in Equation (4):

1 1
Lee = NZ;‘ Li= 7NZ{ Z(I:\il viclog(pic) )

where M indicates the number of categories (person ID), y;. indicates 1 when the true
category of sample i is ¢, otherwise 0, and p;, represents the probability that the sample i is
predicted as class c.

Hard sample triplet loss is used as the metric loss. In every training batch, P pedes-
trians are randomly chosen, and K images are selected for each pedestrian. Therefore, a
batch contains P x K pictures in total. For each image a in the batch, a hard positive sample
and a hard negative sample are selected to create a triplet. Here, the set of images from
the same pedestrian as a is denoted as A, and the set of images from different pedestrians
as a is denoted as B. The hard sample triplet loss function Lry;p,yy is defined as follows in
Equation (5):

1

Lryidara = PxK Zaebatch (rlln’leaz(da’p B r;?eigda'n_‘_ a) + ©

where 4 is the threshold parameter set independently. In contrast to the traditional triplet
loss, the hard sample triplet loss can expedite the convergence of the network and facilitate
the learning of superior representations.

KL divergence is used to strengthen the information exchange between different
branches and avoid model collapse. Using KL divergence allows each branch to propagate
its own knowledge to other branches. By learning from each other, the local branches
can gain the ability to perceive specific scenes. Meanwhile, the global branch gathers
insights from a broader range of scenes, thereby decreasing the likelihood of overfitting
and enhancing the overall robustness. Equation (6) is used to calculate the probability p
that the category of the pedestrian sample x; is m.

) — exp (YW f)
Pl YL, exp(YWif)

where M denotes the total number of pedestrian IDs, 7y denotes the scale factor, which is
kept constant to expedite the training process, Wy, and Wy are the weight vectors related
to categories m and k in the final classification layer, and f denotes the normalized fea-
tures. Therefore, the KL divergence of the current branch can be expressed as shown in
Equation (7):

(6)

1 ¢ N M Pin (i)
e _
L = 5= D120 Limt Lan—y Pr(60)108 250 S @)
where O indicates the current branch, and S represents the total number of branches.
The final loss function for each branch is formulated as follows:

L® - L%L + Lce + LTriHard (8)

4. Experiments
4.1. Datasets

Our model is evaluated on three benchmark datasets which are created for the person
Re-ID task: Market1501 [43], DukeMTMC-relD [44], and MSMT17 [45].

Market1501: Market1501 collects pedestrian images captured by 6 cameras, with a total
of 1,501 individuals annotated, resulting in 32,668 images. Specifically, 12,936 images are
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annotated for 751 pedestrians in the training set, whereas the test set included 19,732 images
annotated for 750 pedestrians. Notably, there are no overlapping pedestrian IDs between
the training and test sets, meaning none of the 751 pedestrians present in the training set is
duplicated in the test set.

DukeMTMC-relD: DukeMTMC-relD is a subset of images captured every 120 frames
from the videos of the DukeMTMC [46] dataset. In total, the DukeMTMC-relD dataset
comprise 36,411 images depicting 1812 pedestrians. Within this dataset, 1404 pedestrians
are captured by more than 2 cameras, whereas 408 pedestrians are exclusively captured by
a single camera.

MSMT17: MSMT17 is a large dataset similar to real scenes. Using 15 cameras, including
12 outdoor cameras and 3 indoor cameras, approximately 126,441 images are collected
under different lighting conditions and background interference, including 4101 different
pedestrian identities, and each pedestrian has multiple image samples.

4.2. Experimental Parameters

Our MFFNet method is trained end-to-end with a weight decay of 5 x 10~% and a
batch size of 16 for 200 epochs. The learning rate is set to 0.05 for the three benchmark
datasets. We resize the input frame to 224 x 224 pixels. In order to simulate the scenes with
lighting differences, a random grayscale is used to process the original image in the partial
branch of the mixed attention area, with the probability set to 0.3.

To generate images with scale variations, random scaling is performed on the dupli-
cates of the original input image. The image is scaled to sizes ranging from 0.8 to 1.1 times
the original size, and the scaling factors are randomly generated. The model is implemented
using PyTorch.

4.3. Experimental Results

Table 1 shows the Rank-1 and mAP comparisons of our MFFNet on the Market1501 [43],
DukeMTMC-relD [44], and MSMT17 [45] datasets. Our approach yields a better perfor-
mance than several other SOTA methods on these three datasets.

Table 1. Comparison of Rank-1 and mAP performance between our approach and several state-of-
the-art methods on the Market1501, DukeMTMC-relD, and MSMT17 datasets.

Market-1501 DukeMTMC-reID MSMT17
Method Venue
Rank-1/% mAP/% Rank-1/% mAP/% Rank-1/% mAP/%

SVDNet [31] ICCV 17 82.3 62.1 76.7 56.8 - -

PCB [32] ECCV18 92.3 774 81.7 66.1 - -

PCB+RPP [32] ECCV18 93.8 81.6 83.3 69.2 - -

MHN [26] CVPR19 95.1 85.0 89.1 77.2 - -
Auto-RelD [30] ICCV19 94.5 85.1 88.5 75.1 78.2 52.5
OSNet [8] ICCV19 94.8 84.9 88.6 73.5 78.7 52.9
HORelD [33] CVPR20 94.2 84.9 86.9 75.6 78.4 54.8

SNR [28] CVPR20 94.4 84.7 84.4 72.9 - -
CDNet [29] CVPR21 95.1 86.0 88.6 76.8 78.9 54.7

L3DS [27] CVPR21 95.0 87.3 88.2 76.1 - -

FED [25] CVPR22 95.0 86.3 89.4 78.0 - -

IER+MTOR [22] IEEE22 90.2 75.5 82.6 66.4 - -

FPTE [34] Springer23 94.3 87.0 88.7 77.2 - -
MFFNet This work 95.2 85.8 92.5 80.6 80.2 56.6

The best performances in each dataset are highlighted in red, whereas the second-best is highlighted in blue.

On Market1501, we achieve 95.2% and 85.3% on Rank-1 and mAP, respectively, and
Rank-1 performs better than the other methods. For the DukeMTMC-relD, we achieve
92.5% and 80.6% on Rank-1 and mAP, respectively, which are significantly better than the
performance of other methods. Additionally, on the MSMT17, which is closest to a real
scene, MFFNet also exerts its structural advantages. Compared with CDNet, which has the
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best performance of Rank-1, and the HORelD, which has the best performance of mAP, it
still increases by 1.3% and 1.8%, respectively. Overall, our model yields better performance,
thus demonstrating the superiority and effectiveness of our approach.

In order to compare the performance of the model more intuitively, we visualize
the recognition results on the Market-1501 dataset and compare them with the results
from other methods. These visualizations are presented in Figures 6-8. Notably, MFFNet
demonstrates excellent recognition efficacy and robustness, particularly under illumination
differences, scale changes, and occlusion scenes. In each row, the first column of images
represents the target pedestrian for the query, while the subsequent ten columns depict the
recognition outcomes sorted based on similarity. The green solid line indicates that the
pedestrian in the image corresponds to the queried pedestrian ID, whereas the red dashed
line indicates a different pedestrian ID from that of the query.

Query Rank-1

Figure 6. Visualization results of PCB on Market-1501.

Query Rank-1

Figure 7. Visualization results of HOReID on Market-1501.

Additionally, we employ Grad-CAM [47] to generate heat maps to visualize the
features extracted by each model. The visualization results are presented in Table 2, where
the color gradient from blue to red indicates the feature weight values ranging from the
lowest to the highest. MFFNet can focus on pedestrian targets more completely and
accurately, basically covering the entire pedestrian area. At the same time, it has better
anti-interference ability in complex scenes.
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Figure 8. Visualization results of MFFNet on Market-1501.

Table 2. Heat maps of visualization results of feature extraction based on Grad-CAM.

The Scene with
Illumination
Difference and Scale
Change

Model Standard Scene Occlusion Scene

Input

ResNet50 [48]

Swin Transformer
[37]

MFFNet

4.4. Ablation Studies

Effects of different branches in the model. We conduct experiments on the effects of
each branch of the model on the MSMT17 dataset. As depicted in Table 3, the combination
of different branches significantly improves the accuracy of recognition. In the two-branch
network, the saliency guidance local branch substantially boosts model performance.
Notably, the MFFNet model incorporating all the three branches achieve the highest
performance. This highlights the diverse features extracted by the two local branches and
validates the effectiveness of each branch.
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Table 3. Effects of different branches in the MFFNet model.
Branch Rank-1/% mAP/%
Multi-scale Fusion global branch 78.3 52.7
Multi-scale Fusion global branch + Hybrid Attention local branch 79.1 53.8
Multi-scale Fusion global branch + Saliency Guidance local branch 79.5 55.3
Multi-scale Fusion global branch + Hybrid Attention local branch + 80.2 56.6

Saliency Guidance local branch

Effects of different modules in branches. To validate the efficacy of each module
within each branch, we conduct experiments using the MSMT17 dataset. Table 4 illustrates
the impact of the shallow feature extraction module (SFE) and multi-scale feature fusion
module (MFF) on the performance of the global branch, confirming the effectiveness of the
multi-level feature fusion strategy.

Table 4. Effect of different modules on the global branch.

Method Rank-1/% mAP/%
Swin Transformer 77.0 51.5
Swin Transformer + SFE 77.2 51.8
Swin Transformer + MFF 78.1 52.3
Swin Transformer + SFE + MFF 78.3 52.7

As depicted in Table 5, we conduct a comparison between the improved Hybrid
Attention Module (HAM) and the standard Fusion Attention Module, as well as the
baseline model without any attention module, within the Hybrid Attention Local Branch.
This comparison validates the effectiveness of the proposed method.

Table 5. Effect of different modules in the hybrid attention branch.

Method Rank-1/% mAP/%
OSNet 78.3 52.8
OSNet + Standard Fusion Attention Module 78.9 53.6
OSNet + HAM 79.1 53.8

In the saliency guidance local branch, we employ a combination of adversarial erasing
and partitioned networks to extract secondary salient and local features, thereby improving
the recognition ability in occlusion scenarios. As evidenced in Table 6, the experimental re-
sults demonstrate a significant performance improvement achieved through the utilization
of the AFBN introduced in this paper.

Table 6. Effects of different modules in the saliency guidance branch.

Method Rank-1/% mAP/%
OSNet 78.3 52.8
Random Erasing 78.5 52.8
Adversarial Erasing 78.8 53.9
Random Erasing + partitioned network 79.0 54.3
Adversarial Erasing + partitioned network (AFBN) 79.5 55.3

4.5. Discussions

To address the problem of person re-ID in complex scenarios, we employ three dif-
ferent branches to capture multi-scale features and simulate real-world challenges, such
as illumination differences, scale changes, and occlusions. Through experiments, the
feasibility and effectiveness of the MFFNet are demonstrated. The method proposed by
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Liao et al. [7] utilizes saliency model-based multi-scale feature fusion to extract signif-
icant body regions from images to mitigate interference from complex backgrounds in
person re-ID tasks. Wang et al. [25] presented a Feature Erasing and Diffusion Network
capable of addressing both non-target pedestrian occlusions and non-target pedestrians.
Zhou et al. [34] combined the complementary advantages of CNN and Transformer, using
feature enhancement and pose-guided modules to tackle challenges posed by poses and
occlusions in person Re-ID. Compared to these methods, our approach takes into account
various complex factors that influence a person re-ID. In terms of the experimental results,
on DukeMTMC-reID, MFFNet outperformed recent methods in both Rank-1 and mAP. On
Market1501, Rank-1 of MFFNet is 0.5% lower than [25] and 1.2% lower than [34]. Com-
parisons of specific experimental results are shown in Figures 9 and 10. This indicates
that MFFNet demonstrates superior recognition accuracy in typical scenarios, accurately
matching the correct identities of pedestrians. However, in simple scenarios, it falls slightly
behind [25,34] in the overall evaluation of all query results. Furthermore, we conduct
experiments on MSMT17, which is more challenging and closer to a real scene, and the
results show significant improvements, as shown in Table 1. In future work, it will be
necessary to conduct research on recognizing pedestrians in more scenarios and different
categories, further enhancing the performance of the model.
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Figure 9. Comparison results between the models in [7,25,34] and our model on Market1501.
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Figure 10. Comparison results between the models in [7,25,34] and our model on DukeMTMC-relD.

5. Conclusions and Prospect

In this paper, we propose a person re-ID method based on a multi-branch feature
fusion, MFFNet, comprising three distinct branches to address the problems of person re-ID
in different and complex scenarios. Our MFFNet aggregates shallow and deep features
through a multi-scale feature fusion module and enhances its recognition capabilities using
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a combination of hybrid attention and saliency guidance mechanisms. Additionally, we
incorporate KL divergence to enhance the information exchange between different branches
and improve the robustness of the features. Extensive experimental evaluations of standard
benchmarks demonstrate that our model outperforms the existing models.

We only consider the impact of typical complex scenes, such as scale changes, illumi-
nation differences, and occlusions, on person re-ID. Therefore, in future work, we plan to
optimize the model to adapt it to other complex scenarios without excessively expanding
the model. In addition, employing different training strategies, such as unsupervised or
self-supervised learning methods, to enhance the applicability of this model in real-world
scenarios is also a focus of our future work.
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