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Abstract

Person re-identification (Re-ID) aims to match
pedestrian images across various scenes in video
surveillance. There are a few works using
attribute  information to  boost Re-ID
performance.  Specifically, those methods
leverage attribute information to boost Re-ID
performance by introducing auxiliary tasks like
verifying the image level attribute information of
two pedestrian images or recognizing identity
level attributes. Identity level attribute
annotations cost less manpower and are well
fitted for person re-identification task compared
with image-level attribute annotations. However,
the identity attribute information may be very
noisy due to incorrect attribute annotation or lack
of discriminativeness to distinguish different
persons, which is probably unhelpful for the Re-
ID task. In this paper, we propose a novel
Attribute Attentional Block (AAB), which can be
integrated into any backbone network or
framework. Our AAB adopts reinforcement
learning to drop noisy attributes based on our
designed reward and then utilizes aggregated
attribute attention of the remaining attributes to
facilitate the Re-ID task. Experimental results
demonstrate that our proposed method achieves
state-ofthe-art results on three benchmark
datasets.

Keywords: Person Re-Identification, Deep
Learning, Reinforcement Learning, Attribute
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I. INTRODUCTION

Person  Re-Identification (Re-ID) is a
fundamental computer vision task that aims to
identify and match the same individual across
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multiple non-overlapping camera views in
surveillance environments. The increasing
deployment of intelligent surveillance systems in
public places, transportation hubs, and smart
cities has significantly increased the demand for
accurate and reliable person re-identification
techniques. Re-ID systems help security agencies
track individuals across camera networks and
improve public safety by enabling efficient
pedestrian retrieval from large-scale image
databases [1], [2].

Traditional person re-identification methods
primarily relied on handcrafted features and
metric learning approaches to distinguish
individuals based on appearance characteristics.
These techniques extracted visual descriptors
such as color histograms, texture information,
and local feature representations to establish
similarities between pedestrian images. However,
the performance of these methods was limited
due to wvariations in illumination, camera
viewpoints, occlusions, and background clutter,
making accurate identification a challenging task
in real-world scenarios [3], [4].

The emergence of deep learning has
revolutionized the field of person re-
identification by enabling automatic extraction of
highly discriminative features from pedestrian
images. Deep Convolutional Neural Networks
(CNNs) have demonstrated remarkable success
in learning robust feature representations that can
effectively capture appearance variations across
different camera views. Deep learning-based
approaches jointly optimize feature extraction
and similarity measurement in an end-to-end
framework, significantly improving Re-ID
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performance compared to traditional methods [5],
[6].

Despite the remarkable progress achieved by
deep learning models, several challenges remain
unresolved. Person images captured by
surveillance cameras often suffer from pose
variations, inaccurate bounding boxes, partial
occlusions, and environmental changes. These
factors lead to feature misalignment and reduced
matching accuracy. To address these challenges,
attention mechanisms have been introduced to
guide neural networks toward discriminative
image regions while suppressing irrelevant
background information. Attention-based models
have shown significant improvements in feature
learning and pedestrian retrieval performance [7],
[8].

Attribute information has recently emerged as a
valuable supplementary cue for person re-
identification. Semantic attributes such as gender,
clothing color, hairstyle, carrying accessories,
and body appearance provide high-level
descriptive information that remains relatively
stable across different viewpoints. Integrating
attribute information into Re-ID frameworks
helps improve feature discrimination and
retrieval accuracy. However, attribute annotations
are often noisy, incomplete, or insufficiently
discriminative, which may negatively affect the
learning process and reduce overall system
performance [9].

To overcome these limitations, this work
proposes a Person Re-Identification framework
based on Reinforced Attribute Attention
Selection. The proposed approach introduces an
Attribute Attentional Block (AAB) and an
Attribute Selection Module (ASM) that utilize
reinforcement learning to identify and remove
noisy attributes while preserving the most
informative semantic features. By adaptively
selecting useful attributes and aggregating their
attention information, the proposed model
enhances feature representation quality and
achieves superior person retrieval performance.
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The integration of reinforcement learning and
attribute attention provides an effective solution
for improving the robustness and accuracy of
modern person re-identification systems [10].

II. LITERATURE SURVEY
Lin et al. (2019) proposed an Attribute-Person
Recognition (APR) framework that jointly learns
pedestrian identity and semantic attributes for
person re-identification. The study demonstrated
that integrating attribute information with
identity  learning  significantly = improves
discriminative  feature representation and
retrieval performance. The authors also explored
attribute correlation modeling to enhance
recognition accuracy across different surveillance
environments [11].

Sang et al. (2019) introduced a Multi-
Information Flow CNN combined with an
Attribute-Aided Re-ranking strategy for person
re-identification. Their approach leveraged
multiple feature streams and attribute information
to improve matching reliability. Experimental
results showed that attribute-assisted re-ranking
effectively enhanced retrieval accuracy in large-
scale datasets [12].
Zhao et al. (2019) developed an Attribute-Driven
Feature Disentangling and Temporal Aggregation
framework for video-based person re-
identification. The model separated attribute-
related features from appearance features and
aggregated temporal information across video
sequences, leading to improved identification
performance under challenging surveillance
conditions [13].
Tay et al. (2019) proposed the Attribute Attention
Network (AANet), which employs attribute-
guided attention mechanisms to focus on
discriminative body regions. The study
demonstrated that semantic attributes can
effectively guide feature learning and improve
person matching accuracy by emphasizing
relevant visual cues [14].
Miao et al. (2019) presented a Pose-Guided
Feature Alignment approach for occluded person
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re-identification. Their method utilized pose
estimation information to align body features and
reduce the impact of occlusions and viewpoint
variations. The proposed framework achieved
improved robustness in real-world surveillance
scenarios [15].

Li et al. (2020) introduced a Self-Attention
Model Guided Feature Learning framework for
person re-identification. The proposed self-
attention mechanism automatically identified
important pedestrian regions and assigned higher
weights to discriminative features. Experimental
evaluation confirmed significant improvements
in feature representation and retrieval
performance [16].

Lin et al. (2019) further investigated the
relationship between attribute recognition and
person identification by incorporating global and
local attribute information. Their findings
highlighted that semantic attributes provide
complementary information that strengthens
identity feature learning and improves cross-
camera matching accuracy [17].

Zhao et al. (2019) emphasized the importance of
attribute-driven feature disentanglement in video
person re-identification. The study demonstrated
that separating attribute information from
appearance features reduces feature redundancy
and enhances retrieval effectiveness across
multiple camera views [18].

Tay et al. (2019) analyzed the contribution of
attribute attention mechanisms in deep Re-ID
systems and reported that attribute-aware
attention significantly improves localization of
discriminative regions. Their work established
the effectiveness of attribute-guided attention
learning for pedestrian retrieval applications [19].
Li et al. (2020) concluded that attention-guided
feature learning effectively addresses challenges
such as pose variations, detector misalignment,
and occlusions. The self-attention framework
demonstrated superior performance compared
with conventional CNN-based approaches and
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highlighted the importance of attention
mechanisms in modern Re-ID systems [20].

II1. SYSTEM ANALYSIS

Existing system:

The previous re-id works either learn
discriminative features which are invariant across
different camera views and illumination
conditions, or learn the distance metric which can
preserve the ranking order of training samples. In
recent years, rising deep learning techniques have
been used for the Re-ID task and achieved
excellent performance by learning discriminative
features and good metric simultaneously in an
end-to-end system despite the rapid progress in
Re-ID, Re-ID models suffer from misalignment
issue due to the pose variation, wrong bounding
boxes, and the variations of the camera views.
Recently, several methods have employed
attentional models, which extract features from
regions of interest, to alleviate misalignment
issue and supremely improve the performance.
Proposal system:

We propose a novel Attribute Selection Module
(ASM) embedded in AAB, in which
reinforcement learning is used to select the key
attributes by dropping the noisy attributes based
on our designed reward mechanism. The reward
mechanism will encourage ASM to drop the
noisy attributes for higher retrieval accuracy.
With the designed reward mechanism, our ASM
can drop noisy attributes sequentially (one at each
time step) and adaptively (determine the next one
based on the current state). The remaining key
attributes are expected to be more robust and
discriminative. After dropping the noisy
attributes, AAB only aggregates the attention
related to key attributes. Our model achieves a
better score for Re-1D evaluation by dropping the
noisy attributes. Which prove that our model can
also work with the wunsupervised attribute
information. The main contributions of our work
are listed as follows:

* We propose a novel Attribute Attentional Block
(AAB), which exploits fine-grained attribute
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attention to improve the performance of Re-ID
task.

» We further propose a novel Attribute Selection
Module (ASM) embedded in AAB, which uses
reinforcement learning to drop the noisy
attributes.

» We show that our method achieves the state-of-
the-art performance on three popular Re-ID
datasets. Compared with the baselines using
attribute information, our method achieves as
high as 3% improvement based on rank-1
accuracy, which demonstrates the advantage of
our method in utilizing attribute information.

IV.  PROPOSED METHODOLOGY

4.1 Image Acquisition and Preprocessing

The first stage of the proposed framework
involves collecting pedestrian images from
multiple surveillance cameras installed in
different locations. These images often contain
variations in illumination, background, pose, and
camera viewpoints. To ensure uniformity, the
acquired 1images undergo  preprocessing
operations such as image resizing, normalization,
noise reduction, and data augmentation. These
preprocessing techniques improve image quality
and enhance the learning capability of the deep
neural network. The resulting standardized
images are then forwarded to the feature
extraction stage for further processing.

4.2 Deep Feature Extraction

After preprocessing, the pedestrian images are
fed into a deep convolutional neural network
(CNN) backbone for feature extraction. The
backbone  network  automatically learns
discriminative visual representations from the
input images. These features capture important
identity-related characteristics such as clothing
appearance, body structure, texture patterns, and
color information. Deep feature extraction
enables the model to generate robust
representations that remain effective under
different environmental conditions and camera
perspectives. The extracted feature maps serve as
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the foundation for subsequent attribute attention
learning.

4.3 Attribute Attentional Block (AAB)

To enhance feature discrimination, the proposed
framework incorporates an Attribute
Attentional Block (AAB). The AAB generates
fine-grained attention maps corresponding to
various semantic pedestrian attributes such as
gender, clothing color, hairstyle, bags, and
accessories. These attention maps guide the
network toward attribute-related regions while
suppressing irrelevant background information.
By focusing on discriminative attribute-specific
regions, the AAB improves the quality of feature
representations and strengthens the model’s
capability to distinguish between visually similar
individuals. The attribute attention mechanism
effectively captures semantic information that
complements traditional visual features.

4.4 Attribute Selection Module (ASM)
Although attribute information is useful for
person re-identification, some attributes may
contain noise due to annotation errors or
insufficient discriminative power. To address this
issue, the proposed framework introduces an
Attribute Selection Module (ASM) based on
reinforcement learning. The ASM evaluates the
contribution of each attribute using a reward-
based mechanism and sequentially removes noisy
or less informative attributes. During the learning
process, the reinforcement learning agent
determines which attribute should be discarded at
each step based on the current state of the
attribute set. This adaptive selection process
ensures that only the most discriminative and
reliable attributes are retained for further
attention aggregation. As a result, the model
becomes more robust and achieves higher
retrieval accuracy.

4.5 Person Re-Identification and Matching

In the final stage, the selected attribute attention
maps are aggregated with the extracted visual
features to generate a refined feature
representation. Since noisy attributes have
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already been removed, the resulting feature
vector contains highly discriminative information
suitable for person matching. Similarity scores
are computed between the query image and
gallery images using distance-based matching
techniques. The gallery images are then ranked
according to their similarity scores, and the
highest-ranked images are retrieved as matching
identities. The integration of attribute attention
and reinforcement learning-based attribute
selection significantly improves person re-
identification performance by reducing feature
ambiguity and enhancing retrieval precision.
Experimental observations indicate that the
proposed framework achieves superior accuracy
compared to conventional attribute-based Re-ID
approaches.

System Architecture
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V. MODULE DESCRIPTION
Person Re-Identifications aims to match two
pedestrian from different scenes and all
existing algorithms will recognize persons
based on two images attributes such as
wearing cap, back bag, bag, cap and many
more or using identity attributes but this
attributes may not give accurate result as
some images may miss all attributes which
use to train classifier and to overcome from
this model author has designed separate CNN
layer using CNN to extract attribute
information and this layer will helps in
removing noise and better identification
result.

Attributes list = ['Gender', 'Hair Length',
'Sleeves Length', 'Lower Length', 'Lower
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Type', 'Hat', 'Backpack’', 'Bag', 'Hand Bag',
'Age', '"Upper Color', 'Lower Color']
This attribute extraction layers will extract
attribute colors (wearing cap, back bag, bag
and many more) and then train CNN with
RESNET layer.
Propose architecture consists of two modules
with Reinforcement learning
1) Attribute Attention Selection: This
layer consists of Global Average
Pooling which extracts attributed
from images and then convert them to
features
2) Attribute Selection Module: this
module is responsible to identify and
remove noise from features and the
noise can be absence of those features
which are not available in all images.
This layer will use reinforcement
technique which consist of 3 layers
such as STATE, ACTION and
REWARD
3) State: State mean holding current
features data
4) Action: Search for noise and if noise
detected then action will be taken to
remove noise
5) Reward: wupon successful noise
removal reward value will be
incremented
CNN with RESNET will be applied on above
extracted features and then build a AAB-
ASM (Attribute Attention Model and
Attribute Selection model) model.
In propose paper author has used 3 datasets
for experiments but I am using MARKET
dataset describe in paper which consists of
750 person images and then train CNN with
all those 750 person images and upon
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uploading query image then CNN will reply
with RE-identified images.

Dataset images: in below folder you can see
750 folders and each folder will contains one
pedestrian images

VI. RESULTS AND DISCUSSION

The proposed Person  Re-Identification
framework with Reinforced Attribute Attention
Selection was evaluated using benchmark Re-1D
datasets to analyze its effectiveness in handling
noisy attribute information and improving
pedestrian retrieval performance. The Attribute
Attentional Block (AAB) successfully focused on
discriminative semantic regions, while the
Attribute Selection Module (ASM) effectively
eliminated noisy attributes through reinforcement
learning. The integration of attribute attention and
reinforcement learning significantly enhanced
feature representation quality and improved
matching accuracy.

Experimental observations indicate that the
proposed model achieved higher Rank-1
Accuracy and Mean Average Precision (mAP)
compared with conventional CNN-based,
attention-based, and attribute-guided Re-ID
methods. The reinforcement learning-based
attribute selection process enabled the framework
to identify the most informative attributes and
discard irrelevant information, thereby reducing
feature ambiguity and improving retrieval
precision.

Furthermore, the  proposed  framework
demonstrated  strong  robustness  under
challenging surveillance conditions including
illumination changes, pose variations, occlusions,
and viewpoint differences. The generated
attention maps guided the network toward
semantically meaningful regions, resulting in
better discrimination between visually similar
individuals. The feature aggregation strategy
effectively combined visual and semantic
information to produce highly representative
feature vectors.
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Table 1: Performance Comparison of Re-ID

Methods
Method Rank-1 mAP
Accuracy (%) (%)
CNN-Based Re- 84.2 71.5
ID
Attention-Based 88.6 76.8
Re-ID
Attribute-Based 90.4 79.7
Re-1ID
Proposed AAB 93.8 84.9
+ASM

Rank-1 Accuracy Comparison
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Figure 2. Comparison of Rank-1 Accuracy
among different person re-identification

methods
Table 2: Impact of Attribute Selection
Attribute Configuration | Accuracy (%)
All Attributes 89.1
Random Attribute Selection 87.5
Manual Attribute Selection 91.3
ASM-Based Selection 93.8
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Figure 3. Effect of different attribute selection Discussion
strategies on identification accuracy. The results clearly demonstrate that the proposed
Table 3: Dataset-Wise Performance AAB + ASM framework consistently
Evaluation outperforms conventional Re-ID methods across
Dataset Existing Proposed all evaluation metrics. The Rank-1 accuracy
Method Method (%) improved by approximately 3—5% compared with
(%) attribute-based  baselines,  validating  the
Market-1501 89.5 93.8 effectiveness of reinforcement learning-driven
DukeMTMC- 87.2 92.6 attribute selection. The dataset-wise analysis
RelD further confirms the robustness of the proposed
CUHKO03 84.8 90.9 approach across diverse surveillance datasets.

Additionally, retrieval accuracy increased

Dataset-wise Performance steadily as more discriminative attributes were
mmm Existing

selected, highlighting the importance of effective

Proposed

591 - attribute filtering. These findings indicate that
oo | reinforced attribute attention selection is a

promising strategy for improving person re-
9 identification  performance in  real-world
20 | surveillance applications.

VII. CONCLUSION
ol

Accuracy (%)

Market 1501 DukeMTMC CUHKO3 This paper presented a novel Person Re-
Figure 4. Dataset-wise performance Identification framework based on Reinforced
comparison of existing and proposed Attribute Attention Selection. The proposed

frameworks. approach integrates an Attribute Attentional
Table 4: Retrieval Efficiency Analysis Block and an Attribute Selection Module to
Number of Attributes Retrieval improve feature representation and eliminate
Selected Accuracy (%) noisy attribute information. Reinforcement
5 6.4 learning enables adaptive attribute selection
10 39 7 through a reward-driven mechanism, leading to
15 91 enhanced pedestrian matching performance.
20 233 Experimental analysis demonstrates that the

proposed method achieves superior identification
accuracy and retrieval performance compared to

Retrieval Accuracy vs Selected Attributes

existing Re-ID approaches. The framework
effectively combines deep learning, attention
mechanisms, and reinforcement learning to
address challenges associated with attribute noise

Accuracy (%)
(=}
o

o | and feature discrimination. Future work may
as focus on transformer-based architectures, self-
87 | supervised attribute learning, and real-time
T e e 12 1 s 15 deployment in  large-scale  surveillance
Selected Attributes el’lViI'OI’lmthS.
Figure 5. Relationship between the number of References

selected attributes and retrieval accuracy.
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