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Abstract

Person re-identification is the process of recognizing an individual across multiple camera
views. It is essential for an extensive range of applications related to security and biometrics.
We propose a shift in perspective for the ongoing re-identification studies. Present graph-
based person re-identification methods need to explain the importance of graph attention
and convolution techniques. However, our proposed method focuses on a less intrusive and
explainable approach to attention selection and graph convolution methods. The proposed
multi-channel framework utilizes visual features and attribute labels to represent each per-
son uniquely. We applied large-scale benchmark datasets, such as MSMT17, DukeMTMC,
CUHKO3, and Market-1501.
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1 Introduction

As the name refers, re-identifying individuals from non-overlapping cameras is person re-
identification (PRId). It’s an essential and ongoing research area in computer vision. PRId
aims to identify the target probe again in surveillance systems with multiple cameras environ-
ment. In applications involving video surveillance, such as looking for missing individuals
or suspects, then security and smart cities, and even it has a lot of potential. This area of
computer vision has been getting more attention due to its principal uses, which are strongly
tied to the safety and security of the public.

An average person’s re-identification pipeline sends a target individual to the PRId sys-
tem as a probe. It attempts to discover the matched ID recordings by searching through a
gallery of known ones. Most of the PRId techniques currently use a framework for person
classification that tries to identify the label of the probe image using a classifier trained on
training data. However, some elements are making the work of PRId somewhat challeng-
ing. First, different data sources, including photos from security cameras or mobile devices,
might impact image resolution. Second, changes in lighting and human positioning. Finally,
poor detection/tracking is mostly brought on by occlusions and background clutter, which
significantly alter how individuals look and make it more difficult to recognize them.

Traditional PRId models only concentrate on matching manually cropped video or image
samples from various cameras. These techniques take into account distance metrics depending
on particular properties. In the traditional model, it is necessary to identify or note the front
pedestrian in the scene accurately. Otherwise, incorrect recognition or annotation will lead to
false person recognition. To overcome such limitations, some contemporary methods [1, 3,
20, 39, 40] present the PRId setting in this field. Which mainly focuses on handling two tasks
(person re-identification and pedestrian detection) simultaneously inside a single framework.
But the problem is in the real world, and people are more prone to roam in groups. Other
nearby individuals who appear in the same scene, even when they are going alone, also contain
crucial context information. As a result, it might be challenging to tell between persons with
identical attire, especially when have to look through a huge gallery set.

However, advanced deep learning led to a significant performance increase for supervised
PRId [43]. With the introduction of Convolutional Neural Network (CNN) [21], researchers
create several deep learning models to extract global characteristics from full pedestrian
images and learn deep features to increase the effectiveness of PRId approaches. The majority
of person re-ID techniques use CNN to extract distinguishing characteristics from pedestrian
photos. Then they use metric learning or a classification setup to improve the deep model.
But they don’t provide the link between the pedestrian photos; instead, they merely use each
image when learning features. Some part-based approaches [27, 32] is presented to extract
local characteristics from various body sections to my local information. With regard to this,
the direct partition approach is typically used to divide feature maps or pedestrian photos
into many horizontal grids. Some researchers use methods of position estimation or human
parsing technique [5, 9] to process pedestrian image data to discover precise and significant
body components.

But after the introduction of Graph Convolutional Network (GCN) by Bruna et al. [2].
We gained the ability to understand the relationships between nodes in the network, which
garnered great interest in the problem of Person re-identification.

Several recent research integrated GCN into the person re-ID pipeline. Based on the nature
of connection learning, this research can be loosely split into two types. The first category of
approaches uses classification loss to understand the link between various pedestrian photos
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and uses a single feature as the graph node. The methods in the second category interpret
paired features as nodes in a graph and use verification losses to identify relationships between
pairs of pedestrian photos to calculate robust node similarity. Since node and loss functions of
both approaches differ, they could comprehend the association from many different aspects,
encouraging us to discover more thorough connections between photos of pedestrians.

Many methods and approaches have been proposed including metric learning [6, 24],
GAN-based [10, 23], attribute-based [12, 33], and spatial-temporal-based methods [36] in
the solving and creating powerful model for person re-identification.

Our proposed method Person Graph Attention Network (PGAN), has the following key
contributions.

— This experiment considers convolutional body parts and attributes as separate nodes to
generate a unique topological structure to represent a Person’s Graph (PG) using GCN.

— The proposed approach integrates an attention-based approach to evaluate the importance
of different features by estimating the distance between the nodes.

— The proposed approach provides a detailed explanation of different non-intrusive
attributes of a person, concentrating primarily on their attire and accessories.

2 Related works

Due to the fast development of dispersed and multi-camera systems, the difficulty of per-
son re-identification has become necessary as a study topic. Traditional techniques make
appropriate metric learning or attempt to learn powerful feature representations to increase
the performance of PRId. This section includes a quick summary of some efforts on person
re-identification techniques.

2.1 Attention-based PRId

In recent years, visual attention has been widely used to learn visual representations for many
tasks, including object recognition, picture captioning, classification, and person ReID. Most
existing methods for PRId generally concentrate on discriminative distance metric learning,
including ranking by pairwise constraints, supervised learning of identity-discriminative
information, and deep learning. These techniques assume that person photos are perfectly
aligned, which is primarily false if there are inaccurate bounding boxes for shifting human
positions. To overcome this limitation, Liu et al. [16] proposed an attention model that
continuously and dynamically extracts distinct aspects from global whole-body images. The
allocation of available resources can be skewed in favor of the input that contains the most
information by using attention as a strategy. The attention model tries to mimic the way
humans instinctively focus on what interests them.

Additionally, Huang et al. [7] use human parsing to extract precise information from
several semantic regions of the body rather than considering the entire human body mask.
The problem of extracting discriminative and robust features invariant to background clutter
is solved by a method named MGCAM [31] proposed by Chunfeng et al.. Fan et al. [41]
formulated a discriminative framework to extract robust human representation features simul-
taneously from whole and local body part images. Yu et al. [44] proposed a framework called
AMMN to leverage the attention mechanism by emphasizing features other than the attention
area.
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2.2 Graph based PRId

With the emergence of deep learning, CNN were used to address PRId [21], and it has quickly
dominated this sector. The high success of CNNs was due to their ability to handle data in
Euclidean space. However, it failed to process complex connections and interdependency
between objects in non-Euclidean space. Bruna et al. [2] proposed GCN for processing
complex graph data and were inspired by CNNs. Spectral-based and non-spectral GCNss
can be broadly divided into two categories based on the convolutional process. The spatial
relations in the spatial-based GCN define the convolution operation on the graph. Where-else
spectral-based GCN has a base of graph signal processing and spectral graph theory.

Shen et al. [30] proposed SGGNN model to learn similarity estimates by constructing a
graph with various probe-gallery pairs and discovering pairwise relationships between them.
Mazari et al. [22] formulated MLGCN model to address and resolve the issue of multi-label
image recognition with label dependencies. Ye et al. [42] suggested an approach for PRId via
dynamic graph matching to consider the anchor, negative, and positive data for constructing
a graph structure. However, graph convolutions couldn’t be used since this approach wasn’t
developed within a deep learning framework. Jiang et al. demonstrated a graph convolutional
approach named PH-GCN [8] for PRId. The convolutional graph highlights the associations
among various body parts. The PH-GCN method gives a broad solution that integrates local,
global, and structural feature learning in a single end-to-end network. Nguyen et al. GPS [25]
proposed to use the person attribute data and its corresponding body part to encode the visual
person signature in a single, cohesive framework.

2.3 Graph-attention-based PRId

Graph Neural Networks (GNNs) [28] represents computer vision tasks into graph-based
solutions. Bruna et al. [2] introduced Graph Convolution Networks (GCN) to aggregate
computer vision tasks into the graph data. However, the GCN methods are based on graph
convolutions or their approximations. Velickovic et al. [35] integrates masked self-attention
layers to formulate Graph Attention Networks (GAT) and overcome the shortcoming of the
GCN. The primary focus of GAT is to consider the most relevant parts, and it does not require
any computationally intensive matrix operation or prior graph structure knowledge. The GAT
stack layers in which nodes can attend over their neighborhood’s feature, thus allowing for
implicitly specifying various weights to different nodes in a neighborhood.

In this paper, we propose a graph attention based person re-identification method, which
we call Person Graph Attention Network (PGAN). We evaluate our framework on four widely
used datasets, including Market1501, DukeMTMC, CUHKO03, and MSMT17. The results of
the experiments show that our method is capable of significantly superior performance than
the prior state-of-the-art.

3 Person-graph attention network
The proposed method Person-Graph Attention Network (PGAN), addresses the PRId task
using crucial mutual characteristics that are undermined by traditional approaches. We

describe the intake and outcome of PGAN and then concentrate on assembling graph
attention.
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3.1 Proposed architecture

Figure 1 describes the detailed architecture of the proposed Person Graph Attention Network
(PGAN). Initially, a batch of images was provided as the input to the backbone CNN to extract
the features. The extracted feature set is represented as G = {g1, 2, &3, .., gn}, & € X M
where N is the length of the feature set, and M is the dimension of a single feature. Each
feature set represents a node in the complete graph. Each edge depicts the similarity between
the connected nodes. The PGAN’s output signature is denoted by the symbol (G’). The
proposed PGAN optimizes the constructed graph without losing any classification charac-
teristics. Feature optimization is necessary for the graph-based approaches as more than
thousands of images are present in the gallery sets and the probe sets of the benchmark
datasets. Therefore it is practically impossible to represent the entire feature set as graphs.

PGAN is a multi-task and multi-branch PRId approach, which consists of four major
phases. Firstly we extract the body features using the ResNet50 as the backbone model of the
proposed architecture. Secondly, the lookup word embedding is used to extract the attributes
of each person. The next phase is to construct complete graph called Person Graph (PG), from
the extracted body features and the attribute information. The correlation matrix represents
a complete graph based on the body parts and attribute nodes.

The Person Graph (PG) is constructed from the body features and attributes,as is repre-
sented as G = (N, X), here X = {x1, x2, x3, ...xg } is the set of nodes, K is the length of
feature set and E = (v;, v;) represents the connecting edges between nodes. A body fea-
ture or attribute is represented by a node in the full graph (G). Each edge is associated with
weights represents the distance between two connected nodes. In this experiment, we use the
Mahalanobis distance to compute the associated weight of the edge e; j between nodes n;
and n; as represented in the (1).

eij =0 = WE 1 — ) )

PGAN

. Baseline [] Body Part . Attribute . Attribute . Correlation ' BNNeck : Graph . Fully-Connected
Extractor Labels Labels Matrix Layers Convolution Layers

Fig. 1 Architecture of the proposed Person Graph Attention Network (PGAN)
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3.2 Implementation

This experiment uses the ResNet-50 pre-trained on ImageNet as the backbone network. The
proposed architecture customized the classifier module by removing the Batch-Normalization
(BN) layer. Initially, each input image is padded 10 pixels with zero values, and then each
input image is resized into 256 x 128. We use both horizontal and vertical flipping for data
augmentation. Attribute labels are transformed into 284 x 300 word embedding. We incor-
porate Non-Local Attention (NLA) into each ResNet50 block to improve the discriminating
ability of the backbone. Note that N A denotes the number of attributes. Market1501 [49]
dataset has 30 attributes, and DukeMTMC-RelD [50] has 23 attributes.

4 Experiments

This section furnishes the particulars of the datasets, evaluation matrices, and the comparison
of the results with the state-of-the-art methods.

4.1 Datasets

There are many datasets available for PRId in outdoor environment such as Market-1501 [49],
DukeMTMC-relD [50], CUHKO3 [14], MSMT17 [37], ETHZ Pedestrian [29], and i-LIDS
2008 [34]. In this paper, we consider four significant datasets such as Market-1501 [49] ,
CUHKO3 [14], DukeMTMC-reID [50] and MSMT17 [37], as those datasets have a large
number of objects and are considered large-scale PRId datasets as shown in Fig. 2. However,

Market-1501 DukeMTMC CUHKO3

Fig.2 Sample pedestrian image from the used datasets such as Market-1501 [49], CUHKO3 [14], and Duke
MTMC-relD [50]
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the network configuration of the proposed architecture is compatible with both the small and
large benchmark datasets. The selected datasets have different identities, and there are no
similar images. However, all those datasets are captured in outdoor environments.

Market1501 [37] This dataset contains 1,501 identities and 32,668 images in total. There
are 19,732 images of 750 identities in the test set and 12,936 images of 751 in the train set.

DukeMTMC Re-id [50] The DukeMTMC re-ID dataset has eight different viewpoints. It has
1,404 identities and 34,183 images in total. The training and test set consists of 17,661 and
16,522 images, respectively. Both the test and the test sets have an equal number of identities.

CUHKO3 [14] The CUHKO3 dataset has eight viewpoints, with two cameras capturing each
identity. It has 1,360 different identities and 13,164 images in total. This dataset presents
major PRId challenges, including background clutter, occlusions, camera settings, image
resolutions, blurring effects, viewpoints, poses, and complex lighting variations. Table 1
provides the attribute details of each PRId dataset used in the experiments.

MSMT17 [37] The MSMT17 is a multi-time and multi-scene PRId dataset. It has 126,441

images and 4,101 identities in total. This dataset is captured using 3 indoor and 12 outdoor
cameras. It has a large number of identities extracted from 180 hours of videos.

4.2 Evaluation metrics

In this article, we have used two metrics such as mAP and rank-n to evaluate the proposed
model.

4.2.1 Mean Average Precision (mAP)

The mAP is used to evaluate all the individuals and calculated as the mean of average precision
(mAP) mentioned in (4). The precision accuracy is calculated for all the person images for

Table 1 Description of three datasets used

Market-1501 [49]

DukeMTMC-relD [50]

MSMT17 [37]

Images 13164 36411 32668
Identities 1360 1812 1501

Camera 10 8 6

Distractors 0 17661 2793+500K
Label DPM Hand Hand+DPM
Challenges VV, 0CC VV, 1V, DE, BC, OCC 1V, VV, CS, OCC
Frame Size 1920 x 1080 128 x 64
Frame Rate Vary 60 Vary
Multishot SS MS+ SS MS

Walking Conditions NW NW, FW NW, Cyclicing
Modal RGB RGB RGB

Scene Outdoor Outdoor Outdoor
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a particular identity described in (2). AP is the average of the accuracy rates (precision)
described in (3).

TP
Precision = ——— 2)
TP+ FP
Precisi
AP — > Precision 3)
Ci
K
c AP
mAP = % )

True positive (TP) is the number of identities correctly predicted as positive. False positive
(FP) is the number of identities incorrectly predicted as positive. C; is the number of images
in a particular identity i, and N is the total number of identities.

4.2.2 Cumulative Matching Characteristics (CMC)

The most common evaluation metrics for PRId methods are Cumulative Matching Charac-
teristics (CMC) curves. The algorithm ranks all the galley images according to their distances
in ascending order for query images. The CMC rank-n accuracy is defined in (5), and the
final CMC is the average of all the accuracies.
Acep {1 + if top () ranked )
0: otherwise

4.3 Comparison to the state-of-the-art

The performance of the PGAN approach is compared to that of state-of-the-art methods.
Table 2 details the performance comparison on CUHKO3 [14], DukeMTMC-reID [50], and
Market-1501 [49]. Table 3 details the performance comparison on MSMT17 [37].

Table 3 Comparison results on

MSMITI? (37 BT RS R0 AP
GS (2022) [15] 79.2 - - 50.9
HLGAT (2021) [47] 87.2 93 - 73.2
HLGAT+reRanking (2021) [47] 91.9 94.6 - 87.1
UGA (2019) [38] 49.5 - - 21.7
IPES-GCN (2022) [17] 80.8 - - 69.4
RRGCCAN (2020) [4] 74.8 - - 53
PGCN (2021) [48] 87.7 - - 72.7
PGCN+AGW (2021) [48] 88.1 - - 73.2
HRNet (2021) [19] 82 - - 60.6
PAGCN (2022) [45] 80 - - 55.2
PGAN (proposed) 83.6 93.6 94.6 72.5
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5 Conclusion

This article presents a systematic approach to recognizing a person using graph-convolution
and graph-attention methods. It considers both body parts and attributes as different nodes to
construct the graph. The effectiveness of PGAN is verified on four benchmark datasets. The
fusion of attribute cues with body parts generates a plausible signature representing a person
graph. PRId researchers can further integrate a co-matching method to utilize the abundant
video information and reduce false matchings to use advanced supervised learning methods
on video benchmarks.
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