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Abstract: In person reidentification (PReID) tasks, challenges such as occlusion and small object
sizes frequently arise. High-precision object detection methods can accurately locate small objects,
while attention mechanisms help focus on the strong feature regions of objects. These approaches
mitigate the mismatches caused by occlusion and small objects to some extent. This paper proposes a
PReID method based on object detection and attention mechanisms (ODAMs) to achieve enhanced
object matching accuracy. In the proposed ODAM-based PReID system, You Only Look Once
version 7 (YOLOv7) was utilized as the detection algorithm, and a size attention mechanism was
integrated into the backbone network to further improve the detection accuracy of the model. To
conduct feature extraction, ResNet-50 was employed as the base network and augmented with residual
attention mechanisms (RAMs) for PReID. This network emphasizes the key local information of
the target object, enabling the extraction of more effective features. Extensive experimental results
demonstrate that the proposed method achieves a mean average precision (mAP) value of 90.1% and
a Rank-1 accuracy of 97.2% on the Market-1501 dataset, as well as an mAP of 82.3% and a Rank-1
accuracy of 91.4% on the DukeMTMC-reID dataset. The proposed PReID method offers significant
practical value for intelligent surveillance systems. By integrating multiscale attention and RAMs, this
method enhances both its object detection accuracy and its feature extraction robustness, enabling a
more efficient individual identification process in complex scenes. These improvements are crucial
for enhancing the real-time performance and accuracy of video surveillance systems, thus providing
effective technical support for intelligent monitoring and security applications.
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1. Introduction

With the development of smart cities, the demand for security has been growing, creating
significant opportunities for the advancement of intelligent surveillance systems [1, 2]. Person
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reidentification (PReID) plays a crucial role in this context. PReID is a subproblem of image retrieval
and is aimed primarily at determining whether a specific pedestrian appears in videos captured by
different cameras [3]. The query inputs for such tasks can be images, video sequences, or even textual
descriptions [4]. This paper focuses on the image retrieval task. Under various query conditions,
PReID aims to overcome the visual limitations of fixed cameras, and it is widely applied in security
fields in combination with pedestrian detection and tracking technologies. As a result, innovative
reidentification technology has become a popular research focus in both academia and industry. In
simple terms, the PReID task can be broken down into two key steps: feature extraction and feature
matching. The goal of feature extraction is to obtain discriminative feature representations (FRs) from
pedestrian images or video frames that can accurately reflect the identity of the target pedestrian. The
objective of feature matching is to compare the extracted FRs with those in a gallery set to identify the
same pedestrian. PReID leads to numerous challenges due to various factors, such as different camera
angles [5], resolution variations [6], lighting condition changes [7], posture variations [8],
occlusions [9, 10], and heterogeneous environments [11]. In real-world application scenarios, PReID
often involves analyzing video sequences. The process typically begins by performing object
detection to locate pedestrians in the input video; this is followed by the extraction of discriminative
features and then the calculation of feature similarity values to identify objects. Therefore, the key
challenges related to PReID lie in how to better extract discriminative FRs and design more effective
metric learning loss functions.

Early PReID research relied primarily on manually extracting fixed discriminative features [12, 13]
and learning better similarity metrics [14]. These methods are prone to errors and are
time-consuming, which significantly affects their accuracy and real-time performance in PReID tasks.
Moreover, owing to the challenges of cross-device variations and substantial differences among the
captured images, traditional methods struggle to achieve satisfactory results. Currently, commonly
used approaches in the field of PReID include supervised, semisupervised, and weakly supervised
learning techniques. Among them, supervised learning methods can be further categorized into global
FR, local FR, temporal FR, and auxiliary FR learning strategies.

To extract fine-grained features during global feature learning, Wu et al. [15] employed small
convolutional kernels to capture fine-grained details from pedestrian images. Qian et al. [16] proposed
a multiscale deep FR learning model that is capable of learning global features at different scales and
adaptively matching them. In local FR learning methods, image partitioning strategies are typically
divided into two categories: horizontal partitioning [17, 18] and pose estimation [19]. Sun et al. [17]
and Zhang et al. [18] adopted the horizontal partitioning approach, where images are uniformly
divided into six equal parts, with local features extracted from each segment. Su et al. [19] proposed a
pose-driven deep convolutional model that utilizes human pose estimation for image segmentation
purposes, addressing the challenge of pedestrian posture variations. Additionally, Nixon et al. [20]
explored the use of gait for conducting video-based PReID. The key distinction between video-based
methods and image-based methods is that the former not only consider the content information within
individual frames but also account for the motion and temporal information between consecutive
frames. Auxiliary FR learning enhances reidentification performance by extracting semantic
information from pedestrian images or by using generative adversarial networks (GANs) to improve
the FR learning process. In recent years, attention mechanisms have been widely used to enhance FR
learning methods because of their strong performance. In [21], a harmonious attention network
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(HA-CNN) was proposed; this approach jointly learns “soft” pixel attention and “hard” region
attention to capture both global and local features, thereby attaining improved reidentification
accuracy. A soft attention mechanism can be implemented in three ways: channel models, spatial
models, and hybrid models that combine both spatial and channel attention. The
squeeze-and-excitation network (SENet) [22] is a typical example of a channel attention network. It
explicitly models the interdependencies between channels and adaptively recalibrates channel feature
responses, thereby enhancing the representation ability of the network. To address the PReID
problem, Wang et al. [23] designed a fully attentive module that addresses the loss of spatial structural
feature information by SENet. Akin to SENet, this module can be integrated into different backbone
networks to enhance their recognition capabilities. Tay et al. [24] proposed the attribute attention
network (AANet), which is a novel architecture that integrates person attributes and attribute attention
maps into a classification framework to solve PReID challenges. In summary, the existing PReID
methods have achieved improved recognition accuracy through combinations of various FR learning
techniques and attention mechanisms.

PReID technology is crucial for enhancing the real-time performance and accuracy of video
surveillance systems in the intelligent monitoring and security fields. While the existing methods have
achieved progress in specific scenarios, challenges remain with respect to handling complex
scenarios, such as those with small targets, occlusions, and various lighting conditions. This study
introduces a PReID method based on object detection and attention mechanisms (ODAMs); the
proposed approach is designed to significantly improve the recognition performance achieved in these
challenging scenes by enhancing the accuracy of target localization and the effectiveness of feature
extraction. To address issues such as object occlusion and small object sizes, this paper proposes a
PReID method that combines high-precision object detection with a multiscale attention strategy
(MAS). In the literature [25–27], various strategies have been proposed for addressing cross-domain
person reidentification (PReID). However, these methods require extensive labeled data and tend to be
less effective when addressing occlusions and scale variations. In contrast, our approach integrates
multiscale attention mechanisms and residual attention mechanisms (RAMs), significantly enhancing
the robustness and accuracy of the model in complex scenarios. In this study, You Only Look Once
version 7 (YOLOv7) is selected as the object detection algorithm due to its significant speed and
accuracy advantages over other models such as YOLOv4 and RetinaNet. The YOLOv7 architecture
optimizes the feature extraction layers and computational units of the network, enhancing its
efficiency in terms of handling objects with various scales and complexity levels. Furthermore,
YOLOv7 maintains the highest accuracy in real-time object detection tasks exceeding 30 FPS,
making it an ideal choice for our study. Specifically, we employ YOLOv7 as the detection algorithm
and integrate a size attention strategy into the backbone of the detection network to improve its
detection accuracy. During the feature extraction process, ResNet-50 is used as the base network, and
an RAM is introduced to construct a new feature extraction network for PReID. This approach allows
the extracted information to focus more on the key local details of the target object, resulting in more
effective FRs. The main contributions and innovations of this study are as follows.

• We propose a PReID method that combines high-precision object detection with an MAS,
enabling accurate localization and extraction of the critical local information from target objects,
thereby yielding improved detection accuracy.
• By integrating the RAM into the base network, we enhance the capacity of the feature extraction
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network, making the extracted features more distinctive.
• Extensive experimental results obtained on public datasets demonstrate the effectiveness of the

proposed method, particularly its robustness in terms of handling small targets and occluded
objects.

The remainder of this paper is organized as follows. Section 2 provides a detailed introduction
to the proposed method. Section 3 presents the dataset description, experimental setup, evaluation
metrics, and experimental results, along with a discussion and an analysis. Finally, Section 4 offers the
conclusion of this study and outlines potential future work ideas.

2. Methodology

2.1. Multiscale attention strategy

The MAS processes the input data with different scales by using a “pyramid attention” approach.
As shown in Figure 1, the MAS model divides the input data into multiple layers at different scales,
where the lower scale layers capture coarser global information, while the higher scale layers retain
finer, more detailed local information. By applying attention mechanisms at various scales, the
lower-scale attention focuses on global features, helping the model understand the overall target
structure. On the other hand, at higher scales, the attention mechanism emphasizes detailed features,
enabling the model to capture the crucial details and local characteristics. As a result, the MAS
enhances the ability of the deep learning model to accurately differentiate between important
information and background noise when processing inputs with different scales, improving the overall
capabilities of the model. In PReID tasks, object size and posture variations are common, and
detecting and recognizing small objects presents challenges due to information losses. By introducing
an MAS, the constructed model can accurately distinguish key information from background noise
across different scales, thus improving its ability to recognize small objects and objects in complex
scenes. This makes MASs particularly crucial for complex visual tasks such as PReID. To address
these challenges, this paper proposes a network architecture based on an MAS, as shown in Figure 1.
The design of this network leverages the strengths of multiscale attention to significantly enhance
both its accuracy and robustness in PReID tasks. The innovative design of this network enables the
model to achieve notable performance improvements, particularly when addressing small objects and
complex scenes. By effectively capturing and analyzing pedestrian features at different scales, the
model is able to provide more precise recognition results.

Assuming that the MAS model has feature maps at different scales X1, X2, ..., Xn, where each Xi

corresponds to a different scale, the MAS can be represented as follows:

A(S) =
n∑

i=1

Conv (αi(S)Xi) , (2.1)

where A(S) is the feature map produced after performing attention allocation and Conv refers to the
convolution operation applied to the weighted feature map αi(S)Xi. Here, αi(S) is the attention weight
for the i-th feature map at the current scale S. The calculation formula for αi(S) is as follows:

αi(S) =
exp (Q(S)K (Xi))∑n

j=1 exp
(
Q(S)K

(
X j

)) , (2.2)
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where Q(S) represents the query vector, which encodes the current state of the model or the
information it is seeking, and K(Xi) represents the key vector, which captures the relevant information
from different parts of the input data; the attention mechanism computes a similarity score between
the queries Q and the keys K . Typically, both Q and K are derived from the current state S of the
model.
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Figure 1. Architectural description of the MAS. (F0 and F3 represent feature maps with
different scales, ConvKix and Gi represent the convolution operations and attention weights
applied at the i-th scale.)

2.2. Object detection

YOLOv7 is a significant version within the YOLO series and is known for being a lightweight and
efficient object detection model with outstanding performance in terms of both speed and accuracy.
Notably, within the range of 5 to 160 frames per second (fps), YOLOv7 outperforms most known
object detectors, making it a top choice for real-time object detection tasks. Specifically, when the
V100 GPU is used, YOLOv7 achieves the highest accuracy among real-time object detectors operating
at over 30 fps. Compared with other versions of YOLO, YOLOv7 retains a detection approach similar
to that of YOLOv4 and YOLOv5, but it optimizes the network architecture to improve both its detection
efficiency and accuracy. As shown in Figure 2, the YOLOv7 network architecture incorporates deeper
feature extraction layers and more effective computational units, allowing the model to excel when
handling objects with varying scales and complexities. The YOLOv7 network model is composed of
four main components.

• Input: The input section preprocesses the given image through techniques such as data
augmentation and normalization, preparing it for subsequent processing steps.
• Backbone: After preprocessing, the image is passed through the backbone network, where its

essential features are extracted.
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• Neck: The extracted features are then fed into the neck module, where multiscale feature fusion
is performed. This module generates feature maps at three different scales (large, medium, and
small) to handle objects with various sizes.
• Head: Finally, these fused features are sent to the head module, where object localization and

classification are carried out, producing the final detection results.
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Figure 2. Architectural description of the YOLOv7 network.

This multipart architecture allows YOLOv7 to efficiently detect objects of various sizes with high
accuracy and speed. The backbone of the YOLOv7 network model is meticulously designed and
integrates several innovative modules, including convolutional layers, an extended efficient layer
aggregation network (E-ELAN) module, an MPConv module, and a spatial pooling pyramid-based
cross-stage partial convolution (SPPCSPC) module.

• E-ELAN Module: This module builds on the original ELAN transition structure and
incorporates strategies such as expansion, shuffling, and cardinality merging to significantly
enhance the learning capacity of the network while preserving the original gradient path.
• SPPCSPC Module: By introducing multiple parallel maximum pooling (MaxPool) operations

within convolutional operations, the SPPCSPC module effectively prevents image distortions
and resolves the feature redundancy issue that is commonly encountered in convolutional neural
networks (CNNs).
• MPConv Module: This module expands the receptive field of the feature layer through MaxPool

operations, which are then fused with standard convolutional features, further improving the
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generalization performance of the network.

In the neck module, YOLOv7 adopts the path aggregation feature pyramid network (PAFPN)
structure from YOLOv5, ensuring an efficient multiscale feature fusion process. Finally, in the head
section, YOLOv7 employs the IDetect detection head, which is optimized to handle large, medium,
and small objects. Different configurations of the RepConv module are used in the head design to
enhance the performance and efficiency of both the training and inference processes.

2.3. Residual attention network for feature extraction

Attention mechanisms can be categorized into two types. One type is top-down conscious attention,
known as focused attention, which refers to goal-driven, task-oriented active attention. The other type
is bottom-up unconscious attention, referred to as saliency-based attention, which is driven by external
stimuli and operates automatically without deliberate intervention. This type of attention typically
shifts its focus to prominent objects through mechanisms such as “winner-takes-all” or gating. The
residual attention network is composed of multiple stacked attention modules. Each attention module
consists of two parts: a mask branch and a trunk branch. The trunk branch is responsible for feature
processing and can adopt any network model. In this paper, preactivated residual units, ResNet, and
inception are used as the basic units.

Given an input x, the feature map output by the trunk branch is denoted as Ti,c(x). The mask branch,
which combines bottom-up and top-down attention mechanisms, learns a maskMi,c(x) with the same
size as that of the output of the trunk branch. The maskMi,c(x) acts as a weight for Ti,c(x). Therefore,
the final feature map output by the attention module is as follows:

Hi,c(x) = Ti,c(x) · Mi,c(x), (2.3)

where · denotes elementwise multiplication. This operation effectively applies the learned attention
mask to weight the output of the trunk branch, enhancing the relevant features while suppressing
irrelevant features. In the attention module, the attention mask functions as a feature selector during
the forward pass, whereas during the backward pass, it acts as a filter for performing gradient updates:

∂M(x, θ)T (x, ∅)
∂∅

=M(x, θ)
∂T (x, ∅)
∂∅

, (2.4)

where θ represents the parameters of the mask branch and ∅ represents the parameters of the trunk
branch. The noise resistance provided by the attention module effectively reduces the impact of noise
on the gradient updates.

In image processing tasks, training images often pose challenges such as background occlusion,
complex scene layouts, and significant appearance variations. This requires the utilized model to
integrate multiple attention strategies to effectively capture key information. Without a stacked
attention module architecture, a substantial increase in the number of feature channels would be
needed to capture and integrate the complex interactions and attention weights among various factors.
However, a single attention module can optimize features only once, which may limit the overall
robustness and fault tolerance of the constructed model when addressing complex and variable image
data. The mask branch consists of two key steps: a fast feedforward sweep and a top-down feedback
process. The fast feedforward sweep rapidly gathers global information from the entire input image,
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whereas the top-down feedback step combines this global information with the original feature map.
In CNNs, these two steps are implemented as a combination of bottom-up and top-down fully
convolutional structures.

In this paper, the mask branch adopts a network architecture similar to that of fully convolutional
networks. Figure 3 illustrates the structure of the mask branch. First, several maximum pooling
operations are applied to quickly expand the receptive field. After the lowest resolution is reached, a
symmetric network structure is used to restore the features to their original resolution through linear
interpolation, with the number of interpolations matching the number of maximum pooling operations
to ensure that the input and output dimensions are the same. Next, two consecutive 1 × 1
convolutional layers are added, and the output is normalized to the [0, 1] range via a sigmoid layer.
Additionally, skip connections are introduced between the bottom-up and top-down processes to
capture multiscale information, thereby facilitating feature extraction to compute object similarity
values.

(1+M(x))•T(x)Soft Mask Brabch

up sample

up sample

down sample

down sample

M(x)

Receptive field

Trunk Branch

Convolution

T(x)

Figure 3. Receptive field comparison between the mask and trunk branches.

2.4. Proposed method

In this study, we propose an innovative fusion strategy for object detection tasks that combines the
YOLOv7 framework with an MAS to effectively address the challenges associated with varying
object sizes in images. Specifically, we design a multiscale attention module that enables the model to
adaptively focus on objects with different sizes, thereby improving the resulting detection accuracy.
Additionally, during the feature extraction phase, we integrate an RAM to further enhance the feature
extraction capabilities of the model. This fusion technique not only preserves inherent detection
efficiency of YOLOv7 but also optimizes its FRs, allowing the model to more accurately and
comprehensively capture object features in complex scenes, thus significantly improving its overall
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detection performance. The implementation procedure is outlined in Algorithm 1.

Algorithm 1: Object detection-based MAS.
Input: images
Output: label
begin

Initialize the YOLOv7 backbone network.
network = YOLOv7().

Define the multiscale attention module.
class MultiScaleAttentionModule: ...

return attention map.
Integrate the multiscale attention module into YOLOv7.

class YOLOv7WithAttention(YOLOv7): ...
return detections.

Define the RAM for attaining enhanced feature extraction.
class ResidualAttentionModule: ...

return enhanced features.
Integrate the RAM into the feature extraction network.

class FeatureExtractionNetworkWithResidualAttention: ...
return enhanced features.

Integrate the entire system into an end-to-end detection model.
class EndToEndDetectionModel: ...

return detections.
Implement a training loop and evaluate the model on the validation set.

model = EndToEndDetectionModel().
evaluate(model, validation data).

end.

3. Experimental studies

3.1. Experimental setup

To ensure the fairness of the experiments and the reliability of the results, all experiments in this
study were conducted under a unified software environment and identical hardware conditions. The
specific experimental setup was as follows: The network model was trained using Python 3.8 and
the PyTorch-based deep learning framework, the integrated development environment (IDE) used was
Visual Studio Code (VS), and the hardware environment was a Windows Server 2016 system equipped
with an NVIDIA RTX 4090 GPU with 24 GB of VRAM. ResNet-50 was selected as the backbone
CNN, and common data augmentation strategies, including random cropping, horizontal flipping, and
random deletion, were employed. The input image size for all datasets was set to 256 × 128. The
backbone network was pretrained on the ImageNet dataset. In the experiments conducted in this study,
the following key hyperparameters were set: The initial learning rate was 8×10−4, and the weight decay
rate was 5 × 10−4. The model began saving after 200 iterations, with subsequent saves occurring every
10 iterations. The maximum number of iterations was set to 600. When using batch normalization,
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the selected batch size N is critical to the effectiveness of the model training process. A batch size that
is too small may result in the statistical estimates used for normalization failing to accurately reflect
the distribution of the entire dataset, which can negatively impact the generalizability of the model and
increase the risk of overfitting to small batch data. On the other hand, a batch size that is too large leads
to increased memory usage and computational resource consumption, and the delayed gradient updates
may reduce the efficiency of training. To strike a balance between computational efficiency and model
performance, through an experimental validation and a resource optimization analysis, this paper set
the batch size N to 64. This value ensured that batch normalization could effectively smooth the data
distribution while promoting the stability and convergence speed of the model during training. This
strategy avoided the potential issues caused by batch sizes that were too large or too small. With this
configuration, the model demonstrated good stability and efficiency throughout the training process.

3.2. Dataset description

In this study, multiple public PReID datasets were used, including VIPeR [28], CUHK01 [29],
CUHK02 [30], CUHK03 [31], Market-1501 [32], DukeMTMC-reID [33], and MSMT17 [34].
Detailed information about these datasets is provided in Table 1.

Table 1. Image-based PReID datasets.

Datasets Years ID Boxes Cameras Labeled
ViPeR 2007 632 1264 2 Handcrafted
CUHK01 2012 971 3384 2 Handcrafted
CUHK02 2013 1816 7264 10 Handcrafted
CUHK03 2014 1360 13164 10 DPM+Handcrafted
Market-1501 2015 1501 32217 6 DPM+Handcrafted
DukeMTMC-reID 2017 1812 36441 8 Handcrafted
MSMT17 2018 4101 126441 15 Faster R-CNN

During the experiments, we used Market-1501 [32], DukeMTMC-reID [33], and CUHK03 [31] as
test sets to evaluate the reidentification performance of the model, while the remaining datasets were
used as training sets. Example images from these datasets are shown in Figure 4.

• VIPeR is a challenging PReID dataset consisting of images captured by two cameras from
different viewpoints. Each camera captures only one image per pedestrian, resulting in a total of
1264 images involving 632 unique pedestrians. Each pedestrian has two images, one from each
camera. Due to the significant differences between the images in this dataset and its high level of
reidentification difficulty, VIPeR is considered one of the most challenging PReID datasets.
• The CUHK01 dataset contains 971 unique pedestrians with a total of 3884 manually cropped

images. A key feature of this dataset is that each pedestrian appears in at least two different
camera viewpoints, making it useful for evaluating the performance of algorithms across varying
perspectives. Specifically, Camera A captures more diverse viewpoints and posture variations,
while Camera B provides frontal and rear views of the pedestrians, enhancing the diversity of the
dataset.
• CUHK02 is an extended version of CUHK01, with increased scale and complexity. This dataset

includes 1816 pedestrians and a total of 7264 images, introducing five pairs of camera viewpoints.
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Compared to CUHK01, CUHK02 not only expands the number of pedestrians and images but also
covers more diverse pedestrian image configurations, including different viewpoints, postures,
image resolutions, lighting conditions, and illumination settings. This makes the dataset more
suitable for evaluating PReID algorithms in complex scenarios.
• The CUHK03 dataset also uses five pairs of cameras to capture images and features two

pedestrian annotation methods: traditional manual labeling and automatic pedestrian bounding
box detection using the deformable part model (DPM) detector. This dataset contains 1360
unique pedestrians with a total of 13,164 images, and it possesses various image sizes to better
simulate real-world scenes. By capturing pedestrian images from more viewpoints and
incorporating automatic detection algorithms for annotation purposes, CUHK03 exhibits
enhanced realism and practical applicability.
• The Market-1501 dataset was collected from a supermarket on the Tsinghua University campus

using five high-resolution cameras and one low-resolution camera. Pedestrian bounding boxes
were automatically detected and annotated using the DPM detector. The dataset contains a total
of 1501 unique pedestrians and 32,668 images, with each image uniformly resized to 128 × 64
pixels. Compared to CUHK03, Market-1501 offers a larger number of annotated images and
introduces 2793 query images and 500,000 distractors, providing a more realistic simulation of
the randomness encountered in real-world scenarios.
• The DukeMTMC-reID dataset captures dynamic pedestrian images using 8 high-definition

cameras. The dataset is divided into a training set (16,522 images), a query set (2228 images),
and a gallery (17,661 images). This partitioning scheme allows for a comprehensive evaluation
of algorithmic performance across different tasks.
• The MSMT17 dataset features images captured by 15 cameras across a university campus,

covering more diverse scenes. An advanced pedestrian detection method using the faster
region-based CNN (R-CNN) was employed to implement automatic detection and annotation,
ensuring accurate and consistent data. MSMT17 includes 4101 unique pedestrians with a total of
126,441 images, making it one of the largest datasets in the PReID field. Compared to earlier
datasets, MSMT17 presents more viewpoint variations and significant lighting differences,
providing strong support for evaluating the performance of algorithms in complex environments.

(a) DukeMTMC-reID                               (b) Market-1501 (c) MSMT17

Figure 4. Sample images derived from the different datasets.
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3.3. Evaluation metrics

PReID technology has become increasingly mature, and the associated evaluation metrics have
also been progressively refined. Common evaluation standards include Rank-n, cumulative matching
characteristic (CMC) curves, and mean average precision (mAP). Rank-n represents the probability
that the correct pedestrian image appears within the top n retrieved images (sorted by confidence).
Typically, evaluations range from Rank-1 to Rank-10, with Rank-1, Rank-5, and Rank-10 being the
most commonly used metrics. Since Rank-1 is the most frequently used measure and holds significant
reference value, it is one of the key evaluation metrics employed in this study.

Additionally, mAP is calculated by averaging the average precision values produced across multiple
classification tasks. mAP is widely used for evaluating the performance of PReID models. Specifically,
the formula for calculating mAP is as follows:

mAP =
∑N

i=1 Precisioni × Recalli∑N
i=1 Recalli

, (3.1)

where Precisioni represents the proportion of true-positive samples among all positive samples
identified by the model at a recall rate of Recalli. Recalli indicates the proportion of true-positive
samples identified by the model at that recall rate out of the total number of positive samples. N
represents the number of recall points used. This metric provides a comprehensive measure of how
well the model ranks relevant images across the entire dataset.

Query 1 2 3 4 5 6 7 8 9 10

1 2 3 4 5 6 7 8 9 10

1 2 3 4 5 6 7 8 9 10

Figure 5. Reranking results obtained on the Market-1501 dataset.

3.4. Performance comparison

3.4.1. Comparison with the baseline

We conducted a comparative analysis of the performance of the proposed algorithm on three
datasets and compared it with mainstream algorithms developed in recent years. The baseline network
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was ResNet-50, which was only pretrained, and the comparison results are shown in Table 2. By
analyzing the experimental data produced for the Rank-1 and mAP evaluation metrics across the three
datasets, it is evident that the proposed method demonstrated significant improvements over the
baseline network while also exhibiting strong robustness. Figure 5 presents a visualization of the
pedestrian reranking results obtained on the Market-1501 dataset, where black numbers indicate
correct matches, red numbers indicate incorrect matches, and “Query” represents the query image.

Table 2. Performance comparison with the baseline network on three datasets.

Method
Market-1501 DukeMTMC-reID CUHK03-L CUHK03-D

Rank-1 mAP Rank-1 mAP Rank-1 mAP Rank-1 mAP

Baseline 73.8 79.3 82.5 67.4 69.4 61.5 61.2 59.4
Ours 97.2 90.1 91.4 82.3 85.1 80.4 82.4 77.2

3.4.2. Comparison with other models

In this study, we selected 11 commonly used PReID algorithms. These methods exhibit varying
characteristics in terms of their performance and complexity, reflecting their adaptability across
different scenarios. The reason for selecting these models was to comprehensively evaluate the
performance of our method in various complex settings and to demonstrate its accuracy and
robustness advantages. Overall, these methods can be categorized into feature extraction-based
methods (MGCAM [23], Deep-Person [21], and HPM [35]), attention mechanism-based methods
(HA-CNN [21], DuATM [36], and Mancs [17]), an adversarial learning-based method (AACN [18]),
a model structure optimization method (SVDNet [37]), and methods that incorporate semantic
segmentation (MaskReID [38], DSA-ReID [39], and SPReID [40]). Specifically, feature extraction
methods rely on deep learning and hierarchical models to extract high-level and local features, thereby
improving their reidentification performance. However, these methods often demand substantial data
and computational resources and face limitations when addressing complex backgrounds and posture
variations. By introducing spatial or channel attention, attention mechanisms significantly enhance
the focus of a model on key features, improving its performance in complex environments. However,
these methods typically come with higher computational complexity levels, longer training times, and
greater hardware resource demands. In adversarial learning tasks, adversarial training reduces the
domain differences between cameras, yielding enhanced robustness in cross-camera recognition
scenarios. Nevertheless, the complexity of adversarial training increases the difficulty of
hyperparameter tuning and extends the required training time. In contrast, model structure
optimization techniques, such as the use of singular value decomposition to reduce feature
redundancy, improves the resulting recognition performance while maintaining a relatively simple
training process. Methods that incorporate semantic segmentation or parsing effectively reduce the
degree of background interference and address occlusion issues, but they rely heavily on the accuracy
of the semantic segmentation results and add to the complexity of the constructed model.

The PReID method proposed in this paper, which is based on a spatial attention mechanism,
effectively addresses the aforementioned issues. Table 3 shows the experimental results produced by
this method on the Market-1501 dataset. From the results, it is evident that different algorithms
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exhibited significant performance variations in terms of the Rank-1 and mAP metrics. Methods such
as DSA-ReID, SVDNet, HPM, and Mancs all achieved excellent results for both metrics. Notably,
DSA-ReID stood out with a Rank-1 score of 95.7% and an mAP of 87.6%, indicating that this method
is highly stable and accurate when identifying pedestrians in complex scenes. In contrast, AACN and
MaskReID yielded lower mAP values, at 66.9% and 70.3%, respectively. While MaskReID
performed well in terms of Rank-1 (90.0%), its lower mAP suggests that its overall matching
accuracy across multiple candidate images was inferior to that of other methods, possibly due to
adversarial training and background interference handling limitations. Additionally, methods such as
SPReID and Deep-Person also performed exceptionally well, with SPReID achieving a Rank-1 score
of 92.5% and an mAP of 81.3%, highlighting the importance of semantic parsing in attaining
enhanced recognition performance. Our proposed method achieved the highest Rank-1 (97.2%) and
mAP (90.1%), significantly outperforming the other algorithms. This demonstrates that our approach
offers clear advantages in terms of accuracy and comprehensiveness, enabling stable and efficient
PReID across various complex scenarios.

Table 3. Performance comparison with other methods on the Market-1501 dataset.

Methods Rank-1 mAP
MGCAM 83.8 74.4
MaskReID 90.0 70.3
AACN 85.9 66.9
SPReID 92.5 81.3
HA-CNN 91.2 75.7
DuA TM 91.4 76.6
Deep-Person 92.3 79.5
Mancs 93.1 82.3
HPM 94.2 82.7
SVDNet 94.8 86.0
DSA-ReID 95.7 87.6
Ours 97.2 90.1

Additionally, the experimental results obtained on the DukeMTMC-reID dataset are presented in
Table 4. Compared with methods such as IDE [17], Gp-reID [41], MaskReID [38], SVDNet [37],
PAN [17], AACN [18], SPReID [40], HA-CNN [21], MGN [42], and DSA-reID [39], our method
achieved significant improvements in both the Rank-1 and mAP metrics, with a Rank-1 score of
91.4% and an mAP of 82.3%. Specifically, IDE attained lower performance, with a Rank-1 value of
73.2% and an mAP of 52.8%, indicating that as a basic PReID method, IDE struggles with achieving
high matching accuracy across multiple candidate images. Gp-reID performed better, achieving a
Rank-1 value of 85.2% and an mAP of 72.8%, demonstrating a notable improvement in its overall
recognition effect, particularly when handling complex backgrounds and diverse scenes. MaskReID
and SVDNet had mid-level performance on this dataset, with MaskReID reaching a Rank-1 value of
78.9% and an mAP of 61.9% and SVDNet achieving Rank-1 and mAP values of 76.7% and 56.8%,
respectively. This indicates that while these methods showed some effectiveness in pedestrian
recognition, they still face limitations when addressing complex scenarios. AACN, PAN, and
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HA-CNN also exhibited moderate performance. PAN performed relatively well in terms of mAP
(66.7%), exhibiting some advantage in the overall matching task, but its Rank-1 score (75.9%) was
lower, suggesting that there is room for improvement with respect to identifying the most accurate
matches. SPReID, MGN, and DSA-ReID performed remarkably well on this dataset. MGN led the
other methods with a Rank-1 score of 88.7% and an mAP of 78.4%, highlighting its strong advantage
when handling complex backgrounds and diverse features. DSA-ReID achieved a Rank-1 score of
86.2% and an mAP of 74.3%, demonstrating its adaptability and robustness in practical applications.
Our proposed method achieved the highest scores for both the Rank-1 (91.4%) and mAP (82.3%)
metrics, significantly surpassing the other methods. This indicates that our approach not only excels
in terms of single-image matching accuracy but also demonstrates superior overall matching
precision. It has proven to be highly reliable and accurate in handling complex PReID tasks.

Table 4. Performance comparison with other methods on the DukeMTMC-reID dataset.

Methods Rank-1 mAP
IDE 73.2 52.8
Gp-reID 85.2 72.8
MaskReID 78.9 61.9
SVDNet 76.7 56.8
PAN 75.9 66.7
AACN 76.8 59.3
SPReID 84.4 71.1
HA-CNN 80.5 63.3
MGN 88.7 78.4
DSA-ReID 86.2 74.3
Ours 91.4 82.3

The experimental results obtained on the CUHK03 dataset are shown in Table 5. Compared to
methods such as MGCAM, HA-CNN, Mancs, MGN, and DSA-ReID, our method yielded a
significant Rank-1 improvement on this dataset. As shown in Table 5, the tested PReID algorithms
generally performed slightly worse under the “detected” condition than under the ”labeled” condition,
with most algorithms producing lower Rank-1 and mAP values in the detected setting. This indicates
that noise and errors present in automatically detected data can impact the recognition performance of
the algorithms. However, advanced methods such as DSA-ReID and the proposed method maintained
high accuracy and precision even under the detected condition. Notably, our method demonstrated
strong potential in complex scenarios and automated applications. Under the labeled condition, our
method achieved a Rank-1 score of 85.1% and an mAP of 80.4%. Under the detected condition, its
Rank-1 and mAP were 82.4% and 77.2%, respectively. Although a slight performance decline was
observed under the detected condition, our method excelled in both scenarios, significantly
outperforming the other methods. This indicates that our method exhibits outstanding stability and
precision when addressing automatically detected data.

To assess the contributions of the MAS and the RAM to the performance of the proposed model,
we conducted ablation experiments. Specifically, we removed these modules and evaluated the
performance achieved by the model on the Market-1501 dataset. The experimental results showed
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that after removing the MAS, the mAP of the model decreased from 90.1% to 85.2%, and its Rank-1
accuracy dropped from 97.2% to 93.4%. Similarly, after removing the RAM, the mAP decreased
from 90.1% to 87.3%, and the Rank-1 accuracy dropped from 97.2% to 94.5%. These results
highlight the importance of both modules for enhancing the performance of the developed model.

Table 5. Performance comparison with other methods on the CUHK03 dataset.

Method Labeled Detected
Rank-1 mAP Rank-1 mAP

MGCAM 50.1 50.2 46.7 46.9
HA-CNN 44.4 41.0 41.7 38.6
Mancs 69.0 63.9 65.5 60.0
MGN 68.0 67.4 66.8 66.0
DSA-ReID 78.9 75.2 78.2 73.1
Ours 85.1 80.4 82.4 77.2

4. Conclusions

This paper proposes a PReID algorithm for completing PReID tasks based on an ODAM, focusing
on two key aspects: multiscale detection and deep feature extraction. First, an MAS is introduced to
address the limitations exhibited by the traditional methods when detecting small objects. This
strategy captures detailed features in pedestrian images at various scales, significantly improving the
detection accuracy achieved for small or partially occluded objects. Second, by integrating an RAM,
the feature extraction network employs a ResNet structure, which not only extracts deeper features
but also effectively explores the relationships between features, thereby enhancing the accuracy and
robustness of PReID. Extensive experiments were conducted in comparison with the mainstream
models developed in recent years, and the results showed that the proposed method performed
exceptionally well in terms of both the Rank-1 and mAP metrics, surpassing most of the existing
methods. These results validate the effectiveness of our approach, especially in terms of its stability
and accuracy when handling complex scenes and automatically detected data.

Our method is not only applicable to static images but can also be extended to video-based PReID
and object tracking tasks, demonstrating its generalizability to practical applications. Nevertheless,
the proposed method has some limitations. First, the introduction of multiscale attention mechanisms
and RAMs increases the complexity of the model, which in turn raises its demand for computational
resources, making it less suitable for deployment in resource-constrained environments. Second,
although the method performs well on datasets in a controlled laboratory setting, its robustness and
generalizability in more complex real-world scenarios still require further validations. Moreover,
while the method exhibits potential for use in video applications, further optimization is needed to
address video-specific challenges such as motion blur, occlusion, and camera angle variations. In
future work, we plan to optimize the model structure to reduce its computational complexity, making
it more applicable to real-world scenarios. We also aim to validate and improve the robustness and
generalizability of the model by using larger, real-world datasets. Additionally, we will explore the
integration of dynamic feature extraction and cross-frame information fusion techniques for
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video-based PReID tasks to enhance the recognition capabilities of the model in video analysis
scenarios.
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