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Abstract. This research presents a comprehensive framework for analyzing cus-
tomer behavior in walking street markets using advanced person re-identification 
techniques. We deployed dual CCTV cameras at strategic points along a 200-
meter section of a walking street market in Chiang Mai, Thailand, to track cus-
tomer movements and analyze behavioral patterns. Our methodology comprises 
three main components: (1) a novel segmentation-enhanced multi-region feature 
extraction framework combining YOLOv11 segmentation with Swin Trans-
former, (2) a robust person re-identification approach with PCA-enhanced fea-
ture matching, and (3) detailed customer behavior analysis based on movement 
patterns, speeds, and interactions. Our feature extraction method achieves 
92.31% Rank-1 accuracy and 59.62% mAP, significantly outperforming tradi-
tional approaches. Using the re-identification results, we identify five distinct 
customer behavior types (Goal-Oriented, Browsing, Lingering, Focused, and 
Brief Visitors) with actionable insights for market management. This research 
contributes both methodological advances in per-son re-identification and prac-
tical applications for retail analytics in dynamic public spaces. 

Keywords: Person Re-identification, Customer Behavior Analysis, Deep 
Learning, Walking Street Market, Swin Transformer. 

1 Introduction 

Walking street markets represent significant cultural and economic hubs in many 
Asian countries, particularly in Thailand. These vibrant marketplaces feature dense ar-
rangements of vendors, diverse product offerings, and complex pedestrian flows that 
create a dynamic shopping environment. Understanding customer behavior in such set-
tings is crucial for optimizing market layouts, improving customer experience, and in-
creasing vendor profitability. However, traditional methods of customer behavior anal-
ysis, such as manual observation and surveys, are labor-intensive, subjective, and lim-
ited in scale (Popa et al., 2010; Wells & Lo Sciuto, 1966).  

The advancement of computer vision and deep learning technologies offers promis-
ing approaches for automated customer behavior analysis. Person re-identification (Re-
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ID), which aims to match individuals across different camera views, can be leveraged 
to track customer movements throughout a market, providing insights into shopping 
patterns, preferences, and interactions (Zheng et al., 2017; Den, 2019). By analyzing 
the trajectories and behaviors of re-identified customers, market managers can make 
data-driven decisions to enhance the shopping experience and optimize market opera-
tions. 

However, applying person re-identification in walking street markets presents sig-
nificant challenges that distinguish this environment from typical surveillance scenar-
ios. These challenges include: 

1) Complex backgrounds with cluttered visual elements: Walking street mar-
kets feature densely packed stalls, colorful products, and diverse signage that 
create visually complex and distracting backgrounds (Tian et al., 2018; Kalayeh 
et al., 2018). 

2) Varying lighting conditions: Markets often operate from day into evening, 
with a mix of natural light, artificial illumination, and shadows that affect image 
quality and feature consistency (Wu et al., 2017). 

3) Frequent occlusions: High pedestrian density and numerous obstacles such as 
stalls, products, and other shoppers frequently result in partial occlusions of in-
dividuals (Sun et al., 2018; Zhao et al., 2017). 

4) Diverse customer appearances and poses: Shoppers exhibit varied clothing, 
accessories, carrying items, and postures as they navigate the market and inter-
act with products (Wei et al., 2017). 

5) Limited camera coverage with widely separated viewpoints: Practical con-
straints typically limit the number and positioning of cameras, resulting in sig-
nificant gaps in tracking and dramatic appearance changes between viewpoints 
(Zheng et al., 2015). 

This research addresses these challenges through a comprehensive framework that 
integrates advanced feature extraction, robust person re-identification, and detailed be-
havior analysis. Our approach builds upon recent advances in segmentation techniques, 
transformer-based architectures, and retail analytics to provide a holistic solution for 
understanding customer behavior in walking street markets. 

The main contributions of this research are: 
1) Novel segmentation-enhanced multi-region feature extraction framework: 

We propose a feature extraction approach that combines YOLOv11 segmenta-
tion with Swin Transformer-based processing of body regions to effectively 
handle the challenges of complex backgrounds and occlusions in walking street 
market environments. 

2) Comprehensive person re-identification methodology: We develop a robust 
re-identification approach that leverages multiple similarity measures and di-
mensionality reduction techniques to match individuals across widely separated 
camera views in challenging conditions. 
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3) Detailed customer behavior analysis framework: We establish a methodol-
ogy for classifying customer behaviors based on movement patterns, speeds, 
and interactions, providing actionable insights for market management. 

4) Real-world deployment and evaluation: We deploy our framework in a walk-
ing street market in Chiang Mai, Thailand, demonstrating its effectiveness in a 
challenging real-world environment and providing empirical validation of our 
approach. 

5) Practical insights for market optimization: We derive actionable intelligence 
for market management based on observed customer behaviors, including strat-
egies for layout optimization, traffic management, and targeted marketing. 

2 Literature Review 

2.1 Person Re-identification 

Person re-identification (Re-ID) has evolved significantly over the past decade, tran-
sitioning from handcrafted feature engineering to deep learning approaches. Early 
methods relied on manually designed features such as color histograms, texture de-
scriptors, and shape information. Zheng et al. (2015) introduced the Market-1501 da-
taset, which became a benchmark for Re-ID research, employing color histograms and 
Local Binary Patterns (LBP) for feature extraction. Similarly, Farenzena et al. (2010) 
proposed the Symmetry-Driven Accumulation of Local Features (SDALF) method, 
which exploited symmetry and asymmetry properties to handle viewpoint variations. 

The advent of deep learning transformed the Re-ID landscape. Yi et al. (2014) were 
among the first to apply deep learning to person Re-ID, using Siamese networks to learn 
discriminative features. Subsequent innovations by Xiao et al. (2016) introduced do-
main-guided dropout to enhance feature learning across different datasets. Sun et al. 
(2018) proposed the Part-based Convolutional Baseline (PCB), which divides person 
images into horizontal strips for part-level feature learning, significantly improving per-
formance on benchmark datasets. 

Transformer-based architecture has recently gained prominence in Re-ID research. 
He et al. (2021) introduced TransReID, which leverages vision transformers to capture 
global context and long-range dependencies. Liu et al. (2021) proposed Swin Trans-
former, incorporating a hierarchical structure and shifted windows for more efficient 
attention computation. These transformer-based approaches have demonstrated supe-
rior performance over traditional CNN architectures in capturing complex relationships 
within images. 
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2.2 Advanced Person Re-identification Methods 

Recent advancements in person re-identification have focused on addressing specific 
challenges such as occlusion, viewpoint changes, and integration of multiple feature 
types. Che et al. (2024) proposed two innovative methods that have shown promising 
results in challenging scenarios: the Uncertainty Feature Fusion Method (UFFM) and 
Auto-weighted Measure Combination (AMC). 

The Uncertainty Feature Fusion Method (UFFM) represents a significant advance-
ment in handling view bias and occlusion in Re-ID systems. UFFM generates multi-
view features from single-view features by leveraging nearest neighbors in the feature 
space, effectively creating a more comprehensive representation of an individual that 
is robust to viewing angle variations. Unlike previous approaches that require explicit 
multi-view training data, UFFM operates during the inference phase by aggregating 
information from neighboring features in an unsupervised manner. This makes it par-
ticularly valuable for real-world applications where multi-view training data may not 
be available (Che et al., 2024). 

Complementing UFFM, the Auto-weighted Measure Combination (AMC) method-
ology addresses the challenge of optimally combining different similarity measures for 
person matching. AMC automatically determines the ideal weights for combining var-
ious similarity measurements between images, eliminating the need for manual tuning. 
By learning weights that maximize the similarity between same-identity images while 
minimizing similarity between different-identity images, AMC creates a more robust 
matching framework that leverages the strengths of different similarity metrics (Che et 
al., 2024). 

These methodologies build upon earlier work in feature fusion and similarity meas-
ure combination. Mikolaj et al. (2021) explored using centroids for feature aggregation, 
demonstrating the effectiveness of representative features in improving Re-ID perfor-
mance. Li et al. (2020) and Xu et al. (2021) investigated different approaches to simi-
larity measure combination for improving matching accuracy in challenging scenarios. 
However, UFFM and AMC distinguish themselves by providing automated, data-
driven solutions that adapt to specific dataset characteristics without requiring manual 
parameter tuning or extensive domain knowledge. 

2.3 Feature Extraction Methods 

Feature extraction is critical for successful person Re-ID. Traditional methods in-
clude Histogram of Oriented Gradients (HOG) by Dalal and Triggs (2005), which cap-
tures edge and gradient structures; Local Binary Patterns (LBP) by Ojala et al. (2002), 
which describe local texture patterns; and color histograms, which capture color distri-
butions irrespective of spatial arrangement (Farenzena et al., 2010). 
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Deep learning approaches have significantly advanced feature extraction capabili-
ties. ResNet architectures (He et al., 2016) have been widely adopted in Re-ID for their 
ability to learn deep features through residual connections. DenseNet (Huang et al., 
2017) improves feature propagation by connecting each layer to every other layer. More 
recently, Liu et al. (2021) introduced the Swin Transformer, which uses a hierarchical 
structure with shifted windows to capture both local and global information efficiently. 

Background removal techniques enhance feature extraction by isolating the person 
from cluttered backgrounds. Kalayeh et al. (2018) employed semantic parsing to focus 
feature extraction on person-specific regions. Song et al. (2018) proposed a mask-
guided contrastive attention model that uses segmentation masks to guide feature learn-
ing. These approaches are particularly relevant for complex environments like walking 
street markets, where background clutter can significantly degrade Re-ID performance. 

Part-based models have emerged as effective approaches for handling occlusion and 
viewpoint variations. Sun et al. (2018) proposed the refined part pooling method, di-
viding person images into horizontal strips. Zhao et al. (2017) introduced the Spindle 
Net, which aligns body parts using pose estimation. These methods capture discrimi-
native local features that are robust to partial occlusions and pose variations, which are 
common challenges in crowded market environments. 

2.4 Feature Dimensionality Reduction 

Dimensionality reduction techniques play a crucial role in enhancing the efficiency 
and effectiveness of feature representations for Re-ID. Jolliffe and Cadima (2016) pro-
vided a comprehensive overview of Principal Component Analysis (PCA), highlighting 
its importance in reducing high-dimensional data while preserving variance. In the con-
text of Re-ID, Koestinger et al. (2012) demonstrated that applying dimensionality re-
duction techniques like PCA before metric learning significantly improves performance 
by removing redundant and noisy dimensions. 

Wu et al. (2017) explored the application of dimensionality reduction in cross-mo-
dality person re-identification, showing that reducing feature dimensionality while 
maintaining discriminative power leads to more robust matching across different sens-
ing modalities. Similarly, Xiao et al. (2017) proposed a margin sample mining loss with 
PCA-reduced features, achieving state-of-the-art performance on several benchmark 
datasets. 

The optimal dimensionality for Re-ID features remains an open research question. 
Zheng et al. (2016) conducted a systematic study on feature dimensionality, finding 
that while higher dimensions generally capture more information, they also introduce 
noise and redundancy. Their experiments showed that preserving 95% of variance 
through PCA typically achieves the best balance between information retention and 
noise reduction, which aligns with our approach in this research. 
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2.5 Segmentation for Re-identification 

Recent advances in semantic segmentation have opened new possibilities for im-
proving Re-ID performance by isolating the person from background distractions. Tian 
et al. (2018) proposed an approach for eliminating background bias in person Re-ID, 
demonstrating that background elements can significantly impact feature learning and 
matching. Their experiments showed that properly isolating the person silhouette leads 
to more discriminative and robust features. 

The integration of semantic segmentation with Re-ID has been explored in several 
recent works. Kalayeh et al. (2018) proposed the human semantic parsing for person 
Re-ID, which uses human parsing to extract features from different semantic regions of 
the person. Song et al. (2018) introduced a mask-guided contrastive attention model 
that leverages segmentation masks to focus feature learning on the most discriminative 
body parts. 

More recently, advances in instance segmentation have further improved the preci-
sion of person isolation. Bochkovskiy et al. (2020) introduced YOLOv4, demonstrating 
impressive performance in object detection and segmentation tasks. The subsequent 
development of YOLOv11 with enhanced segmentation capabilities offers even more 
precise person isolation, which is particularly valuable in cluttered environments like 
walking street markets. 

2.6 Customer Behavior Analysis in Retail Environments 

Analyzing customer behavior in retail environments has traditionally relied on man-
ual observation, surveys, and simple traffic counters. Popa et al. (2010) conducted pio-
neering work on shopping behavior analysis using surveillance systems, combining 
participating observation with video analysis to model different shopper types. Wells 
and Lo Sciuto (1966) employed direct observation techniques for analyzing purchasing 
behavior, highlighting the importance of objective observation in understanding cus-
tomer decision-making processes. 

Computer vision has revolutionized retail analytics by enabling automated and scal-
able analysis of customer behavior. Paolanti et al. (2020) developed a system for un-
derstanding shopper behaviors using RGB-D vision, enabling measurement of dwell 
times, traffic patterns, and customer-product interactions. Wang (2020) employed con-
volutional neural networks for analyzing consumer behavior in offline retail stores, 
demonstrating how deep learning can extract meaningful patterns from surveillance 
data. 

Person Re-ID has recently been applied to customer tracking across multiple cam-
eras. Zheng et al. (2017) explored its application in retail environments for customer 
journey analysis. Den (2019) highlighted the potential of combining computer vision 
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and recommendation systems for predicting consumer behavior based on tracked move-
ments. 

Shopper typologies have been developed to categorize customers based on their be-
haviors. Popa et al. (2010) identified several types, including goal-oriented shoppers, 
browsing shoppers, and shoppers seeking assistance. Hui et al. (2009) proposed a 
framework for analyzing path data in marketing, emphasizing the sequential nature of 
customer movements and their correlation with purchase behavior. 

2.7 Movement Analysis and Speed Estimation 

Understanding customer movement patterns and speeds provides valuable insights 
into shopping behavior and intent. Bohannon (1997) established reference values for 
comfortable walking speeds in adults, providing a baseline for interpreting customer 
movement speeds in retail environments. According to his research, the average com-
fortable walking speed for adults is approximately 1.4 m/s, with significant variations 
based on age, gender, and purpose. 

In retail contexts, Hui et al. (2009) demonstrated that walking speed is a key indica-
tor of shopping intent, with purposeful shoppers moving faster than browsers. Their 
research showed that customers typically move at speeds significantly below normal 
walking pace when engaged in shopping activities, with average speeds of 0.6-0.8 m/s 
in supermarket environments. 

Speed estimation from surveillance footage presents several technical challenges. 
Shirazi and Morris (2016) proposed a vision-based approach for pedestrian behavior 
analysis that includes speed estimation. Their method accounts for camera perspective 
and calibration to accurately translate pixel movements to real-world speeds. More re-
cently, Wang (2020) incorporated deep learning techniques for more robust speed esti-
mation in retail environments with varying camera angles and occlusions. 

The integration of speed data with other behavioral metrics enables more nuanced 
shopper classification. Paolanti et al. (2020) combined speed measurements with dwell 
times and interaction frequencies to develop a comprehensive shopper behavior model. 
Their research demonstrated that speed patterns throughout a shopping journey provide 
valuable insights into customer engagement and decision-making processes. 

2.8 Privacy Considerations in Retail Surveillance 

Privacy considerations are paramount in retail surveillance. Shirazi and Morris 
(2016) addressed privacy concerns in vision-based pedestrian analysis, proposing 
methods that preserve individual privacy while still extracting meaningful behavioral 
insights. These ethical considerations are particularly relevant in public spaces like 
walking street markets, where explicit consent for tracking may not be feasible. 
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Den (2019) discussed privacy-aware video analytics, emphasizing the importance of 
anonymization and responsible data handling. Techniques such as real-time anony-
mization, feature-based tracking without storing identifiable images, and aggregate an-
alytics help balance the need for behavioral insights with privacy protection. 

More recent approaches have explored privacy-preserving deep learning for retail 
analytics. Jiang et al. (2021) proposed federated learning approaches that enable model 
training across multiple retail locations without sharing raw customer data. Similarly, 
differential privacy techniques can be applied to ensure that individual customers can-
not be identified from aggregate behavior statistics (Dwork and Roth, 2014). 

Our research adopts privacy-conscious practices by focusing on movement patterns 
and behavioral classifications rather than individual identification. All data is anony-
mized during processing, and results are presented in aggregate form to protect cus-
tomer privacy while still providing valuable insights for market management. 

3 Data and Methodology 

3.1 Data Collection  

3.1.1 Experimental Setup 

Our data collection was conducted at a walking street market in Chiang Mai, Thai-
land, with the assistance of Assistant Professor Dr. Phudinun Singkhamfu and in col-
laboration with the Chiang Mai Tourist Police. We deployed two CCTV cameras along 
a 200-meter straight-line path from the Chiang Mai Tourist Police station to San Lak 
Mueang Kao Chiang Mai that show on Figure 1. The cameras were positioned to cap-
ture the flow of pedestrians in both directions, with Camera 1 located at the starting 
point and Camera 2 at approximately 200 meters away. 

Data was collected during a peak shopping period from 17:00 to 19:00, capturing 
two hours of continuous footage from both cameras. This timeframe was selected to 
observe the market during active hours when customer behavior patterns would be most 
evident. 
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Fig. 1. A simulation image of the test walking route on Google Maps. 

 
3.1.2 Dataset Preparation 

Our dataset preparation followed a meticulous process to ensure the quality and rep-
resentativeness of the evaluation data. The initial data collection was conducted using 
two CCTV cameras positioned at strategic locations along a 200-meter section of the 
Chiang Mai walking street market. The cameras operated during peak shopping hours 
(17:00-19:00), capturing images based on a face-triggered recording mechanism—
frames were only recorded when clear faces were detected in the scene. This conditional 
capture approach resulted in non-uniform temporal sampling, with some time periods 
having dense frame coverage and others having sparse or no frames. 

From these surveillance recordings, we extracted full-frame images from both cam-
eras. These frames often contained multiple individuals at varying distances and poses, 
reflecting the crowded nature of the walking street environment. To isolate individual 
persons from these frames, we employed YOLOv11-n for person detection with a con-
fidence threshold of 0.70, which extracted a total of 3,538 person images from Camera 
1 and 3,086 person images from Camera 2. 

However, this automated extraction process yielded a significant number of low-
quality person crops unsuitable for reliable re-identification. We identified three pri-
mary categories of problematic images: 

1) Partially visible persons (missing heads, torsos, or legs due to frame boundaries 
or occlusions) 

2) Images with severe lighting interference (particularly streetlamp glare obscuring 
key body parts) 

3) Images of seated individuals (primarily vendors or occasional wheelchair users, 
who were not the target population of our study) 
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Through manual annotation, we classified 2,446 images (approximately 37% of the 
extracted crops) as "junk" images unsuitable for our analysis. The remaining 4,178 im-
ages were deemed acceptable quality for re-identification purposes. 

For a more focused and controlled experimental evaluation, we manually selected a 
subset of 40 unique individuals who appeared across both cameras. This selection re-
sulted in a test dataset of 114 person images from Camera 1 and 306 person images 
from Camera 2. The distribution of samples per person varied significantly, from as 
few as 1 sample to as many as 32 samples (for person17 in Camera 2), reflecting the 
natural variability in pedestrian appearances and dwell times in the market environ-
ment. 

The 40 selected individuals represented three distinct journey patterns that shown in 
Table 1: 30 individuals (person_1 to person_30) appeared in both cameras, 5 individu-
als (person_31 to person_35) appeared only in Camera 1, and 5 individuals (person_36 
to person_40) appeared only in Camera 2. This distribution allowed us to evaluate our 
system's performance on different journey scenarios, including complete traversals and 
partial market visits. 

All images were resized to a standard dimension of 256×128 pixels for consistency 
in feature extraction, and ground truth identities were manually verified across camera 
views to establish a reliable evaluation benchmark. This careful dataset preparation 
process, though labor-intensive, was essential for obtaining meaningful insights into 
the real-world performance of our person re-identification approach in the challenging 
walking street market environment. 
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Table 1. The distribution of unique sample person on each camera. 

Person_id 
Number of 

Images Cam1 
Number of 

Images Cam2 
1 4 4 
2 2 3 
3 3 18 
4 10 8 
5 2 10 
6 5 10 
7 4 4 
8 1 8 
9 2 10 
10 2 5 
11 2 6 
12 6 12 
13 7 19 
14 1 9 
15 6 2 
16 5 2 
17 4 32 
18 8 4 
19 3 1 
20 3 9 
21 6 3 
22 1 4 
23 2 16 
24 3 19 
25 2 20 
26 3 14 
27 3 3 
28 1 6 
29 1 5 
30 1 6 
31 1 - 
32 1 - 
33 3 - 
34 3 - 
35 3 - 
36 - 6 
37 - 7 
38 - 6 
39 - 9 
40 - 6 
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3.2 Methodology 

Our methodology consists of three main components: feature extraction, person re-
identification, and customer behavior analysis. 
 
3.2.1 Feature Extraction Method 

 
Our feature extraction framework addresses the challenges of person re-identifica-

tion in complex retail environments through a multi-stage approach combining segmen-
tation, body region partitioning, and transformer-based feature extraction. We build 
“Segmentation-Enhanced Multi-Region Feature Extraction Framework” that consists 
of five key components designed to handle the specific challenges of walking street 
market environments. Figure 2 illustrates the architecture of our proposed framework. 

 
Fig. 2. Architecture of the Segmentation-Enhanced Multi-Region  

Feature Extraction Framework. 



Data Science and Engineering (DSE) Record, Volume 6, issue 1.                                            103 

3.2.1.1 Background Removal with YOLOv11 Segmentation 
 

The first stage of our framework employs YOLOv11 segmentation 
to isolate the person from the background. This is crucial in walking street 
market scenarios where cluttered backgrounds can introduce noise into feature 
representations. The background removal process follows these steps: 

1) The input image 𝐼 is processed by YOLOv11 to detect persons and 
generate segmentation masks 

2) The segmentation mask 𝑀 for the "person" class is extracted with a 
confidence threshold (default: 0.5) 

3) The binary mask is applied to the original image, preserving only the 
person region 

4) The masked image becomes the input for subsequent feature extrac-
tion steps 

Mathematically, given an input image 𝐼 and a binary mask 𝑀 gener-
ated by YOLOv11, the masked image 𝐼ᇱ is computed as: 

 
 𝐼ᇱ = 𝐼 ⊙ 𝑀 (1) 
 

where ⊙ represents element-wise multiplication. As noted by Kalayeh et al. 
(2018), semantic segmentation significantly enhances person re-identifica-
tion by focusing feature extraction on person-specific regions and eliminat-
ing background interference. Tian et al. (2018) further demonstrated that 
background removal reduces bias in feature learning, leading to more dis-
criminative representations. 
 

3.2.1.2 Body Region Partitioning 
 
After background removal, the person silhouette is divided horizontally 

into multiple regions, typically representing the head, torso, and legs. This 
part-based approach addresses the challenge of occlusion and varying poses 
by allowing each body region to contribute independently to the final repre-
sentation (Sun et al., 2018; Zhao et al., 2017). Given a person ROI of height 
ℎ and width 𝑤 the image is divided into 𝑛 equal horizontal regions 𝑅 = 𝑟ଵ

, 𝑟ଶ, … , 𝑟௡, where each region 𝑟𝑖 has dimensions: 
 

 𝑟௜ = [0, 𝑤] × ቂ
(௜ିଵ)௛

௡
,

௜௛

௡
ቃ (2) 

 
In our implementation, we use 𝑛 = 3, corresponding to head, torso, and legs 
regions. This uniform partitioning strategy is computationally efficient and 
has proven effective in previous research (Wang et al., 2018; Sun et al., 
2018). The partition-based approach aligns with findings from Wei et al. 
(2017), who demonstrated that different body regions contribute comple-
mentary information for person re-identification. This strategy is particularly 
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effective in handling partial occlusions, which are common in crowded 
walking street markets. 
 

3.2.1.3 Dual-Branch Feature Extraction 
 
Our framework implements a dual-branch architecture for feature extrac-

tion are the global branch processes that is the full person ROI to capture 
holistic appearance features and the local branch processes that are each 
body region separately to capture region-specific details. Both branches uti-
lize the same feature extractor (Swin Transformer) to maintain consistency 
in the feature space. 
1) Global Branch, the entire person ROI 𝐼ᇱ is processed to obtain global 

features 𝑓௚: 
 
 𝑓௚ = 𝐸(𝐼ᇱ) (3) 
 

where 𝐸 represents the Swin Transformer feature extractor. 
2) Local Branch, each region 𝑟௜ is processed independently to obtain re-

gion-specific features: 
 
 𝑓௜ = 𝐸(𝑟௜) (4) 
 
The resulting features from each region are then concatenated to form 
the local feature vector 𝑓௜: 
 
 𝑓௜ = [𝑓ଵ, 𝑓ଶ, … , 𝑓௡] (5) 
 
This dual-branch approach ensures both global context and local details 
are preserved in the final representation, as recommended by Wang et 
al. (2018) and Bai et al. (2020), who demonstrated the complementary 
nature of global and local features for person re-identification. 

 
We employ the Swin Transformer (Liu et al., 2021) as our feature extrac-

tor due to its hierarchical architecture and shifted window attention mecha-
nism, which effectively captures both local and global information. The 
Swin Transformer processes an input image through a hierarchical structure 
with four stages. In each stage, the key operation is the Shifted Window-
based Multi-head Self-Attention (SW-MSA), which computes attention 
within local windows while allowing for cross-window connections through 
the window shifting mechanism. 
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The self-attention operation in each window is computed as: 
 

 Attention(𝑄, 𝐾, 𝑉) = SoftMax ቀ
ொ௄೅

ௗ
+ 𝐵ቁ 𝑉 (6) 

 
where 𝑄, 𝐾 and 𝑉 are the query, key, and value matrices, 𝑑 is the feature di-
mension, and 𝐵 is the relative position bias. The shifted window mechanism 
is implemented by alternating between regular window partitioning (W-
MSA) and shifted window partitioning (SW-MSA): 

 

 𝑧௟෡ = W-MSA൫LN(𝑧௟ିଵ)൯ + 𝑧௟ିଵ (7) 
 

 𝑧௟ = MLP ቀLN൫𝑧௟෡ ൯ቁ + 𝑧௟෡  (8) 

 

 𝑧௟ାଵ෢ = SW-MSA൫LN(𝑧௟)൯ + 𝑧௟  (9) 
 

 𝑧௟ାଵ = MLP ቀLN൫𝑧௟ାଵ෢ ൯ቁ + 𝑧௟ାଵ෢  (10) 

where LN denotes layer normalization and MLP is a multi-layer perceptron. 
This architecture enables the Swin Transformer to model both fine-grained 
local features and broader contextual information, making it particularly 
suitable for person re-identification in complex environments (Liu et al., 
2021; He et al., 2021). 
 

3.2.1.4 Feature Fusion and Normalization 
 
The framework employs a sophisticated fusion strategy to combine global 

and local features: 
1) L2 normalization is applied to both global and local features to stabilize 

the feature space: 
 

 𝑓௚
෡ =

௙೒

ቚห௙೒หቚ
మ

 (11) 

 
2) The normalized features are concatenated to form the combined feature 

vector: 
 

 𝑓௖ = ൣ𝑓௚
෡ , 𝑓ଵ

෡ , 𝑓ଶ
෡ , … , 𝑓௡

෡ ൧ (12) 
 

3) The combined feature vector is normalized again to ensure unit norm: 
 

 𝑓௖
෡ =

௙೎

ห|௙೎|ห
మ

 (13) 

In addition, we maintain weighted body-part features with specific emphasis 
on different regions. For example, with 𝑛 = 3 regions (head, torso, legs), we 
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assign weights of 0.3, 0.4, and 0.3 respectively, emphasizing the torso region 
which typically contains more clothing-based identifying features (Sarfraz 
et al., 2018; Li & Wang, 2013): 
 
 𝑓௛௘

෣ = 0.3 × 𝑓ଵ
෡  (14) 

 
 𝑓௧௢௥௦௢

෣ = 0.4 × 𝑓ଶ
෡  (15) 

 
 𝑓௟௘௚௦

෣ = 0.3 × 𝑓ଷ
෡  (16) 

This weighting strategy acknowledges the varying importance of different 
body regions in person re-identification, as demonstrated by Wei et al. 
(2017) and Wang et al. (2018). 

 
3.2.1.5 Dimensionality Reduction with PCA 

 
To improve computational efficiency and reduce noise, we apply Princi-

pal Component Analysis (PCA) to the extracted features. PCA projects the 
high-dimensional features onto a lower-dimensional space while preserving 
the variance in the data (Jolliffe & Cadima, 2016). Given a set of feature 
vectors {𝑓ଵ, 𝑓ଶ, … , 𝑓௠}, PCA finds a transformation matrix 𝑊 that projects 
these vectors onto a lower-dimensional space: 
 
 𝑓௜

ᇱ = 𝑊் × 𝑓௜ (17) 
 
The transformation matrix 𝑊 is chosen to maximize the variance of the pro-
jected data while reducing the dimensionality. In our implementation, we 
retain components that preserve 95% of the variance in the data, which typ-
ically reduces the feature dimensions from 1024-2048 to approximately 140-
220 dimensions. This dimensionality reduction step not only improves com-
putational efficiency but also enhances discriminative power by focusing on 
the most informative components, as demonstrated by Xiao et al. (2017) and 
Wu et al. (2017). 
 

3.2.2 Feature Re-Identification Method 
 
Our person re-identification approach builds upon the extracted features 

to match individuals across different camera views. Figure 3 illustrates the 
architecture of our re-identification framework. 
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Fig. 3. Architecture of the Feature Re-Identification Framework. 

 
3.2.2.1 Similarity Computation Methods 

 
Our re-identification approach evaluates multiple similarity computation 

methods to compare feature vectors, following the recommendations of 
Zheng et al. (2015) and Luo et al. (2019) for robust Re-ID performance. 
1) Cosine Similarity: Measures the cosine of the angle between two vec-

tors, defined as: 
 

 cos(𝑎, 𝑏) =
௔⋅௕

|௔|మ×|௕|మ
 (18) 
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2) Pearson Similarity: Measures the linear correlation between two vec-
tors, defined as: 

 pearson(𝑎, 𝑏) =
cov(௔,௕)

஢ೌ×஢್
 (19) 

 
where cov(𝑎, 𝑏) is the covariance of 𝑎 and 𝑏, and 𝜎௔ and 𝜎௕ are their 
standard deviations. 

3) Euclidean Similarity: Derived from Euclidean distance, defined as: 
 

 euclidean_sim(𝑎, 𝑏) =
ଵ

ଵା|௔ି௕|మ
 (20) 

 
4) Normalized Cross-Correlation (NCC) Similarity: Measures the similar-

ity between normalized vectors: 
 

 ncc(𝑎, 𝑏) =
ଵ

௡
∑ ቀ

௔೔ିఓೌ

ఙೌ
ቁ ቀ

௕೔ିఓ್

ఙ್
ቁ௡

௜ୀଵ  (21) 

where 𝜇௔ and 𝜇௕ are the means of 𝑎 and 𝑏. 
Each of these similarity measures captures different aspects of feature re-

lationships, providing complementary information for re-identification (Zhu 
et al., 2017; Wang et al., 2018). 

 
3.2.2.2 Ranking and Match Determination 

 
The re-identification process involves comparing a query image from one 

camera with a gallery of images from another camera. Following the ap-
proach proposed by Zheng et al. (2015) and refined by Luo et al. (2019), the 
process follows these steps: 
1) Extract features from the query image using our segmentation-enhanced 

framework  
2) Extract features from all gallery images using the same framework  
3) Compute similarity scores between the query features and all gallery 

features using one or more similarity methods  
4) Rank gallery images by similarity scores in descending order  
5) Determine matches based on a similarity threshold (τ):  

a. If maximum similarity <  τ, classify as "non-match" 
b. Otherwise, identify the top-N matches 

6) Evaluate re-identification performance using standard metrics (Rank-1, 
mAP) 

This approach aligns with established re-identification methodologies 
while incorporating our enhanced feature extraction framework to handle the 
challenges of walking street market environments. 
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3.2.3 Customer Behavior Analysis Methodology 
 
Our customer behavior analysis methodology leverages the re-identifica-

tion results to analyze movement patterns, speeds, and interactions within 
the walking street market. Figure 4 illustrates the framework for our behavior 
analysis approach. 
 

 
 

Fig. 4. Architecture of the Customer Behavior Analysis Framework. 
 

3.2.3.1 Scenario Classification 
 
Based on the re-identification results, we classify customer journeys into 

four scenarios following the methodology proposed by Popa et al. (2010) 
and extended by Paolanti et al. (2020):  
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1) Scenario1_C1_TO_C2: Customers moving from Camera 1 to Camera 2 
a. Query_Journey == "C1_TO_C2" 
b. Query_Camera == 1 and Gallery_Camera == 2 
c. Correct matching: Query_Person_ID equals Gallery_Per-

son_ID 
2) Scenario2_C1_ToC2_ToC1: Customers making a round trip between 

Camera 1 and Camera 2 
a. Subscenario A: Movement from Camera 1 to Camera 2 
b. Subscenario B: Movement from Camera 2 to Camera 1 

3) Scenario3_C1_ONLY: Customers appearing only in Camera 1 
a. Query_Journey == "C1_ONLY" 
b. Query_Camera == 1 
c. Non-matching == True 

4) Scenario4_C2_ONLY: Customers appearing only in Camera 2 
a. Query_Journey == "C2_ONLY" 
b. Query_Camera == 2 
c. Non-matching == True 

 
This classification provides a structured framework for analyzing different 
types of customer journeys and behaviors within the walking street market. 
 

3.2.3.2 Transition Time and Speed Analysis 
 
For customers who appeared in both cameras (Scenarios 1 and 2), we cal-

culate transition times and walking speeds, following the approach of Wang 
(2020) and Hui et al. (2009): 
1) Transition Time: The time taken to move between Camera 1 and Cam-

era 2, calculated as: 
 Transition_Time = ห𝑡gallery − 𝑡queryห (22) 
 
 where 𝑡query and 𝑡gallery are the timestamps of the query and gallery images. 
2) Walking Speed: The calculated speed based on the distance between 

cameras: 

 Walking_Speed =
Distance

Transition_Time
 (23) 

 
 where Distance is the measured distance between the two camera locations 
(200 meters in our setup). 
 
These metrics provide insights into customer movement patterns and shop-
ping behavior, as recommended by Hui et al. (2009) and Popa et al. (2010). 
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3.2.3.3 Camera Density Analysis 
 
We analyze the traffic density at each camera in 5-minute intervals to 

identify peak times and traffic patterns, following the methodology of Den 
(2019) and Shirazi & Morris (2016): 
1) Group detections by camera and time interval: 

 
 𝐷௖,௧ = {𝑑 ∣ camera(𝑑) = 𝑐 ∧ 𝑡 ≤ time(𝑑) < 𝑡 + Δ𝑡} (24) 
 
where 𝐷௖,௧  is the set of detections at camera 𝑐 in time interval [𝑡, 𝑡 + Δ𝑡), 
and Δ𝑡 =  5 minutes. 

 
2) Count the number of detections in each interval: 
 
 Count௖,௧ = ห𝐷௖,௧ห (25) 
 
3) Visualize the results to identify patterns and peak times. 

This analysis provides valuable information for market management, in-
cluding optimal times for staff allocation, promotional activities, and crowd 
control measures. 
 

3.2.3.4 Behavior Classification 
 
Based on movement speeds and detection patterns, we classify customers 

into five behavioral categories, extending the shopper typologies proposed 
by Popa et al. (2010) and Wells & Lo Sciuto (1966): 
1) Goal-Oriented Shopper: Fast movement (>0.5 m/s) 
 
 Person 𝑝 ∈ Goal-Oriented ⟺ speed(𝑝) > 0.5 m/s (26) 
 
2) Browsing Shopper: Moderate speed (0.3-0.5 m/s) 
 
 Person 𝑝 ∈ Browsing ⟺ 0.3 m/s < speed(𝑝) ≤ 0.5 m/s (27) 
 
3) Lingering Shopper: Slow movement (<0.3 m/s) 
 
 Person 𝑝 ∈ Lingering ⟺ speed(𝑝) ≤ 0.3 m/s (28) 
 
4) Focused Shopper: Many detections at one camera (>5) 
 
 Person 𝑝 ∈ Focused ⟺ cameras(𝑝) = 1 ∧ detections(𝑝) > 5 (29) 
 
5) Brief Visitor: Few detections at one camera (≤5) 
 
Person 𝑝 ∈ Brief Visitor ⟺ cameras(𝑝) = 1 ∧ detections(𝑝) ≤ 5 (30) 
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This classification aligns with established retail behavior typologies while 

incorporating quantitative metrics derived from our re-identification system. 
 

3.2.3.5 Detailed Analysis and Visualization 
 
We conduct detailed analyses and create visualizations to extract action-

able insights from the behavior data: 
1) Camera Density Visualization: Create heatmaps of traffic density by 

time and camera to identify peak periods and traffic patterns. 
2) Individual Customer Tracking: For selected target customers, create 

timeline visualizations and journey maps to analyze detailed movement 
patterns. 

3) Movement Pattern Analysis: Analyze aggregate movement speeds, di-
rections, and patterns to identify common behaviors and anomalies. 

4) Behavior Distribution Visualization: Create charts and tables show-
ing the distribution of customer behavior types to understand market 
composition. 

These analyses and visualizations transform raw re-identification data 
into actionable insights for market management, following best practices es-
tablished by Paolanti et al. (2020) and Wang (2020). 

4 Results 

4.1 Performance of Feature Extraction Methods 

We evaluated the performance of various feature extraction methods for person re-
identification, comparing traditional approaches, deep learning architectures, the ad-
vanced  re-identification methods (UFFM and AMC) and our enhanced segmentation-
based method. 

 
4.1.1 Traditional Feature Extraction Methods 

Table 2 presents the performance of traditional feature extraction methods for person 
re-identification in both camera directions (Camera 1 to Camera 2 and Camera 2 to 
Camera 1). 
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Table 2. Performance of Traditional Feature Extraction Methods 
 

Method 
Direc-

tion 
Rank-1 Rank-5 Rank-10 mAP Match 

FOS C1 → C2 0.0857 0.2571 0.4286 0.2148 35 
dim=20 C2 → C1 0.0857 0.2571 0.4286 0.2322 35 

Haralick C1 → C2 0.0286 0.34290 0.4286 0.2224 35 
dim=14 C2 → C1 0.1143 0.3714 0.5143 0.2866 35 

LTE C1 → C2 0.0571 0.2571 0.4286 0.1888 35 
dim=6 C2 → C1 0.0286 0.2000 0.4571 0.1654 35 
LBP C1 → C2 0.1143 0.3143 0.4000 0.2806 35 

dim=6 C2 → C1 0.1429 0.2000 0.4286 0.2437 35 
DWT C1 → C2 0.0286 0.1429 0.3429 0.1565 35 

dim=18 C2 → C1 0.0571 0.2000 0.3143 0.1772 35 
HOG C1 → C2 0.1143 0.2571 0.3429 0.2247 35 

dim=9360 C2 → C1 0.0857 0.2286 0.3143 0.2017 35 
 

Traditional feature extraction methods showed poor performance on our challenging 
dataset. HOG and LBP achieved the highest Rank-1 accuracy among traditional meth-
ods (11.43%), while Haralick and DWT performed the worst (2.86%). This low perfor-
mance can be attributed to several factors: 

1) Complex Environment: Walking street markets feature cluttered backgrounds, 
varying lighting conditions, and frequent occlusions, which challenge the dis-
criminative power of handcrafted features. 

2) Limited Invariance: Traditional methods lack robustness to the viewpoint var-
iations, pose changes, and illumination differences present in our multi-camera 
setup. 

3) Absence of Semantic Understanding: Unlike deep learning approaches, tradi-
tional methods cannot capture high-level semantic features that are crucial for 
distinguishing individuals in complex environments. 
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4.1.2 Deep Learning Feature Extraction Methods 

Table 3 summarizes the performance of deep learning architectures for feature ex-
traction to analyze the feature extracted quality on the original feature dimension. 
 

Table 3. Performance of Deep Learning Feature Extraction Methods 
 

Method Features Direction 
Rank-

1 
Rank-

5 
Rank-

10 
mAP Match 

ResNet50 
dim=2048 

Original C1 → C2 0.3143 0.6286 0.7143 0.3043 35 
 C2 → C1 0.3143 0.4286 0.6571 0.3099 35 

ResNet101 
dim=2048 

Original C1 → C2 0.3143 0.5143 0.6857 0.2713 35 
 C2 → C1 0.2000 0.4571 0.6857 0.2569 35 

ConvNeXt 
dim=1024 

Original C1 → C2 0.3714 0.5143 0.6286 0.2648 35 
 C2 → C1 0.1429 0.4857 0.6000 0.2247 35 

SwinT 
dim=1024 

Original C1 → C2 0.4857 0.6571 0.6857 0.3512 35 
 C2 → C1 0.3429 0.6571 0.7429 0.3002 35 

Efficient-
NetV2 

dim=1280 

Original C1 → C2 0.4118 0.6176 0.6765 0.2820 34 
 C2 → C1 0.2571 0.5143 0.6286 0.2986 35 

Dense-
Net201 

dim=1920 

Original C1 → C2 0.3714 0.5714 0.6286 0.3181 35 
 

C2 → C1 0.3429 0.5429 0.7143 0.3663 35 

 
Deep learning methods significantly outperformed traditional approaches. Among 

the baseline architectures, Swin Transformer achieved the highest Rank-1 accuracy 
(48.57%) and mAP (35.12%), followed by EfficientNetV2 (41.18% Rank-1) and Con-
vNeXt (37.14% Rank-1). This superior performance demonstrates the ability of deep 
networks to learn hierarchical features that capture both local details and global context. 

 
4.1.3 Segmentation-Enhanced Feature Extraction 

Table 4 presents the results of our segmentation-enhanced Swin Transformer ap-
proach, which combines YOLOv11 segmentation with body part region extraction. 
 

Table 4. Performance of Segmentation-Enhanced Swin Transformer 
 

Features Direction Rank-1 Rank-5 Rank-10 mAP Match 

Original 
dim=240 

C1 → C2 0.9231 0.9231 1.0000 0.5962 13 
C2 → C1 0.9167 0.9167 1.0000 0.7172 12 

Head 
Only 

dim=139 

C1 → C2 0.5000 0.6250 0.7083 0.2898 24 

C2 → C1 0.3200 0.5600 0.6000 0.3612 25 

Torso 
Only 

dim=141 

C1 → C2 0.3793 0.4828 0.5172 0.2601 29 

C2 → C1 0.3333 0.5833 0.7083 0.3566 24 
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Our segmentation-enhanced approach, which combines YOLOv11 segmentation 
with Swin Transformer feature extraction and PCA, achieved outstanding performance 
the highest Rank-1 accuracy overall (92.31% for C1→C2 and 91.67% for C2→C1). 
The "Original" features, which combine information from all body regions, signifi-
cantly outperformed the "Head Only" and "Torso Only" variants. This result is partic-
ularly impressive considering the challenging nature of our walking street market da-
taset. The superior performance of our approach can be attributed to several factors: 

1) Effective Background Handling: YOLOv11 segmentation removes distract-
ing background elements, focusing feature extraction on the person. 

2) Body Region Information: Dividing the person silhouette into head, torso, and 
legs regions captures local features that are robust to partial occlusions. 

3) Hierarchical Feature Representation: Swin Transformer's architecture effec-
tively models both local details and global context through its shifted window 
attention mechanism. 

4) Dimensionality Optimization: PCA concentrates information in the most dis-
criminative dimensions, enhancing the feature representation's quality. 

 
4.1.4 The advanced  Re-identification Methods (UFFM and AMC) 

Performance 

Table 5 presents the results of the Uncertainty Feature Fusion Method (UFFM) and 
Auto-weighted Measure Combination (AMC) approaches on our walking street market 
dataset. 

Table 5. Performance of UFFM and AMC 
 

Method Direction Rank-1 Rank-5 Rank-10 mAP Match 

Baseline 
dim= 2048 

C1 → C2 0.3143 0.6286 0.7143 0.3043 35 
C2 → C1 0.3143 0.4286 0.6571 0.3099 35 

UFFM C1 → C2 0.3143 0.5429 0.6286 0.2827 35 
C2 → C1 0.1714 0.3429 0.6286 0.2304 35 

AMC 
(UFFM) 

C1 → C2 0.2286 0.3429 0.4857 0.2284 35 
C2 → C1 0.1143 0.2857 0.4000 0.1654 35 

 
The Uncertainty Feature Fusion Method (UFFM), proposed by Che et al. (2024), 

aims to generate multi-view features from single-view features by leveraging nearest 
neighbors in the feature space. The method is defined by: 

 

 𝑓௝
(௎ோி)

= ∑ 𝑤௞
௄
௞ୀଵ ⋅ 𝑓௝௞

(௡௡)
, 𝑤௞ =

ୡ୭ୱቀ௙ೕ,௙ೕೖ
(೙೙)

ቁ

∑ഢసభ
಼ ୡ୭ୱቀ௙ೕ,௙

ೕഢ
(೙೙)

ቁ
 (31) 

 

where 𝑓௝
(௎ோி)  is the uncertainty-refined feature, 𝑓௝௞

(௡௡) represents the 𝑘 − 𝑡ℎ  nearest 

neighbor feature, and 𝑤௞  is the weight based on cosine similarity. Contrary to expecta-
tions, UFFM performed worse than the baseline on our dataset, with Rank-1 accuracy 
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dropping from 32.35% to 31.43% for C1→C2 and from 31.43% to 17.14% for C2→C1. 
This decline can be attributed to several factors: 

1) Limited Dataset Size: UFFM requires a sufficient number of similar features 
to generate effective multi-view representations. Our relatively small dataset 
(114 images from Camera 1 and 306 from Camera 2) may not provide enough 
neighbors for robust feature fusion. 

2) High Intra-class Variations: Walking street market environments introduce 
significant variations in lighting, pose, and occlusion for the same person, 
making nearest neighbor selection less reliable. 

3) Background Complexity: Despite our segmentation efforts, the complex and 
dynamic background of walking street markets introduces noise that affects 
the quality of nearest neighbor selection. 

The Auto-weighted Measure Combination (AMC) method automatically determines 
optimal weights for combining different similarity measures. It is represented by: 

 
 𝑆∗ = α ⋅ 𝑆൫𝑞, 𝑔௝൯ + β ⋅ 𝑆൫𝑞, URF௝൯ + γ ⋅ CCE൫𝑞, 𝑔௝൯ (32) 
 
where 𝑆൫𝑞, 𝑔௝൯ is the similarity between query 𝑞 and gallery image 𝑔௝, 𝑆൫𝑞, URF௝൯ is 
the similarity between 𝑞 and the uncertainty-refined feature of 𝑔௝, CCE൫𝑞, 𝑔௝൯ is the 
cross-camera encouragement term, and 𝛼, 𝛽, γ are learned weights. In our experiments, 
the learned AMC weights were 𝛼 = 4.471, 𝛽 = 1.333, and γ = −0.258, indicating a 
stronger emphasis on single-view features over fused features. Despite this optimiza-
tion, AMC further decreased performance, with Rank-1 accuracy dropping to 22.86% 
for C1→C2 and 11.43% for C2→C1. 

The underperformance of these advanced methods on our dataset highlights specific 
challenges in applying state-of-the-art Re-ID techniques to walking street market envi-
ronments: 

1) Dataset Characteristics: Our dataset features high variability in appearance, 
pose, and lighting conditions, which challenges the assumptions underlying 
these methods. 

2) Feature Quality: Despite segmentation, the feature quality may still be affected 
by partial occlusions, camera angle differences, and evening lighting conditions. 

3) Cross-Domain Gap: Methods like UFFM and AMC were developed and vali-
dated on benchmark datasets (e.g., CUHK-SYSU, PRW) with different charac-
teristics from our walking street market dataset. 

4) Limited Training Data: These methods typically benefit from larger training 
sets to learn effective feature fusion strategies and weighting schemes. 

These findings underline the importance of adapting advanced Re-ID methods to 
specific domain characteristics and data constraints when applying them to real-world 
scenarios like walking street markets. 
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4.2 Customer Behavior Analysis 

Based on the re-identification results from our best-performing model (segmenta-
tion-enhanced Swin Transformer with PCA 0.95), we conducted a comprehensive anal-
ysis of customer behavior in the walking street market. 

 
4.2.1 Scenario Distribution 

Based on our re-identification results, we classified customer journeys into four dis-
tinct scenarios. Figure 5 illustrates the distribution of these scenarios among correctly 
matched individuals. 
 

 
Fig. 5. The distribution of the four main scenarios. 

 
The distribution reveals that of the 32 correctly matched customers: 

1) 16 customers (50.00%) were classified under Scenario 1: One-Way (moving 
from Camera 1 to Camera 2) 

2) 6 customers (18.75%) were classified under Scenario 2: Round-Trip (making 
a complete journey between both cameras) 

3) 5 customers (15.62%) were classified under Scenario 3: Camera 1 Only 
4) 5 customers (15.62%) were classified under Scenario 4: Camera 2 Only 

 
4.2.2 Camera Density Analysis 

We analyzed the traffic density at each camera in 5-minute intervals to identify peak 
times and traffic patterns. Table 6 presents the camera density by time interval. 
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Table 6. Camera Density by 5-minute Intervals 
 

Time Interval Camera 1 Camera 2 Total 

17:45-17:50 1 1 2 
17:50-17:55 19 0 19 
17:55-18:00 8 12 20 
18:00-18:05 0 16 16 
18:05-18:10 1 6 7 
18:10-18:15 1 0 1 
18:55-19:00 5 0 5 

 
Our analysis reveals several interesting patterns in customer traffic. The peak 5-mi-

nute interval was 17:55-18:00, with a total of 20 detections across both cameras. This 
was closely followed by the 17:50-17:55 interval with 19 detections. These two con-
secutive intervals represent a clear peak time for market activity. 

The data also shows a temporal shift in traffic density between the two cameras. 
Camera 1 experienced its highest traffic during 17:50-17:55 (19 detections), while 
Camera 2 peaked during 18:00-18:05 (16 detections). This approximately 10-minute 
offset suggests a flow of customers moving from Camera 1 toward Camera 2, support-
ing our observation that one-way journeys are predominant. 

Traffic density decreased significantly after 18:05, with minimal activity during the 
18:10-18:15 interval, followed by a small resurgence at Camera 1 during 18:55-19:00. 
This pattern may indicate the natural winding down of market activity as evening ap-
proaches, with a small surge of late visitors. 

 
4.2.3 Transition Time and Speed Analysis 

For customers who appeared in both cameras (Scenarios 1 and 2), we calculated 
transition times and walking speeds. Table 7 summarizes these results. 

 
Table 7. Transition Time and Speed Statistics by Scenario 

 

Scenario Count 
Mean 
Time 

(s) 

Min 
Time 

(s) 

Max 
Time 

(s) 

Mean 
Speed 
(m/s) 

Scenario 1: One-Way 14 472.71 365 684 0.44 
Scenario 2A: Round-

Trip (C1→C2) 
3 415.00 375 451 0.48 

Scenario 2B: Round-
Trip (C2→C1) 

3 376.00 347 409 0.53 
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The average transition time from Camera 1 to Camera 2 for one-way journeys (Sce-
nario 1) was 472.71 seconds (approximately 7.9 minutes), with considerable variation 
(minimum 365 seconds, maximum 684 seconds). This yields an average walking speed 
of 0.44 m/s, which is significantly slower than typical pedestrian walking speeds (ap-
proximately 1.4 m/s according to Bohannon, 1997). This slow pace indicates substan-
tial engagement with the market environment—customers are likely stopping at stalls, 
browsing products, and interacting with vendors. 

Interestingly, customers making round trips (Scenario 2) moved faster in both direc-
tions compared to those making one-way journeys. The average speed for the outbound 
journey (C1→C2) was 0.48 m/s, while the return journey (C2→C1) was even faster at 
0.53 m/s. This suggests that customers making round trips may have more purposeful 
shopping behavior, potentially knowing what they want to see or purchase, and moving 
more directly between points of interest. 

The faster speed observed in return journeys (C2→C1) may indicate that customers 
have completed their shopping objectives and are returning more directly to their start-
ing point, with less browsing behavior on the return leg of their journey. 

 
4.2.4 Behavior Classification 

Based on movement speeds and detection patterns, we classified customers into five 
behavioral categories. Table 8 shows the distribution of these behavior types. 

 
Table 8. Distribution of Customer Behavior Types 

 

Behavior Type Count Percentage 

Goal-Oriented Shopper 5 16.67% 
Browsing Shopper 12 40.00% 
Lingering Shopper 3 10.00% 
Focused Shopper 0 0.00% 

Brief Visitor 10 33.33% 

 
Our analysis reveals that Browsing Shoppers constitute the largest segment 

(40.00%), representing customers who move at moderate speeds (0.3-0.5 m/s) through 
the market. These customers are actively engaging with the market environment, stop-
ping frequently to explore offerings but continuing to move through the space. 

Brief Visitors form the second-largest group (33.33%), characterized by few detec-
tions at a single camera. These customers may be making targeted, short visits to spe-
cific areas or passing through sections of the market without extensive browsing. 

Goal-Oriented Shoppers represent 16.67% of the analyzed customers, moving at rel-
atively faster speeds (>0.5 m/s) through the market. These customers likely have spe-
cific objectives and move more directly between points of interest. 
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Lingering Shoppers form the smallest identified segment (10.00%), characterized by 
very slow movement (<0.3 m/s). These customers exhibit the deepest level of engage-
ment, spending extended time in specific areas and potentially making more deliberate 
purchasing decisions. 

Interestingly, we did not identify any Focused Shoppers (0.00%) in our dataset, 
which would represent customers with many detections at a single camera location. 
This suggests that most customers in this walking street market maintain some level of 
mobility rather than focusing extensively on a single area. 

 
4.2.5 Case Studies of Target Customers 

We conducted detailed analyses of selected target customers to understand their 
movement patterns and behaviors. These case studies provide concrete examples of the 
different behavior types and scenarios identified in our analysis. 

 
1) Case Study 1: person10 (Scenario 1: One-Way Journey)  

Person10 was classified as a Browsing Shopper based on their high walking 
speed (0.43 m/s). Table 9 summarizes their movement data. 
 

Table 9. Movement Data for Person10 
 

Metric Value 

First Detection (Cam1) 17:54:38 
First Detection (Cam2) 18:02:18 

Transition Time 460 seconds 
Walking Speed 0.43 m/s 

Total Detections (Cam1) 1 
Total Detections (Cam2) 1 

Behavior Type Browsing Shopper 

 
Person10 exemplifies a Browsing Shopper making a one-way journey through 

the market. They were first detected at Camera 1 at 17:54:38 and later appeared 
at Camera 2 at 18:02:18, resulting in a transition time of 460 seconds (approxi-
mately 7.7 minutes). Their walking speed was calculated at 0.43 m/s, placing 
them in the Browsing Shopper category. 

This customer's moderate pace suggests active engagement with the market 
environment, likely stopping at multiple stalls to examine products. With only 
one detection at each camera, person10 appears to have made a direct journey 
through the market, engaging with offerings along the way but not lingering 
extensively in any one location. 

 
2) Case Study 2: person12 (Scenario 2: Round-Trip Journey) 

Person12 made a complete round trip between Camera 1 and Camera 2. Ta-
ble 10 presents their movement data. 
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Table 10. Movement Data for Person12 
 

Metric Value 

First Detection (Cam1) 17:56:19 
First Detection (Cam2) 18:02:34 

Return Detection (Cam1) 18:08:50 
C1→C2 Transition Time 375 seconds 
C2→C1 Transition Time 372 seconds 
C1→C2 Walking Speed 0.53 m/s 
C2→C1 Walking Speed 0.54 m/s 
Total Detections (Cam1) 1 
Total Detections (Cam2) 1 

Behavior Type Goal-Oriented Shopper 

 
Person12 represents a Goal-Oriented Shopper making a complete round trip 

through the market. They were initially detected at Camera 1 at 17:56:19, ap-
peared at Camera 2 at 18:02:34, and then returned to Camera 1 at 18:08:50. 

Their outbound journey (C1→C2) took 375 seconds with a walking speed 
of 0.53 m/s, while their return journey (C2→C1) took 372 seconds at a similar 
speed of 0.54 m/s. These speeds classify them as a Goal-Oriented Shopper. 

The consistent and relatively faster speeds in both directions suggest a pur-
poseful approach to navigating the market. Person12 likely had specific objec-
tives and maintained a steady pace throughout their journey, with minimal var-
iation between outbound and return legs. 

 
3) Case Study: person35 (Scenario 3: Camera 1 Only) 

Person35 represents a Brief Visitor who appeared only at Camera 1. Table 
11 presents their movement data. 
 

Table 11. Movement Data for Person35 
 

Metric Value 

First Detection (Cam1) 18:58:46 
Last  Detection (Cam1) 18:58:46 

Total Detections (Cam1) 1 
Behavior Type Brief Visitor 

 
Person35 represents a Brief Visitor who appeared only at Camera 1. They 

were detected once at 18:58:46, with no subsequent appearances at either cam-
era. 

This pattern suggests a visitor who entered the market near Camera 1 but 
either did not proceed far enough to be detected by Camera 2 or exited through 
a different path. The single detection classifies them as a Brief Visitor, 
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indicating minimal engagement with the market environment near the Camera 
1 location. 

 
4) Case Study: person37 (Scenario 4: Camera 2 Only) 

Person37 represents another Brief Visitor who appeared only at Camera 2. 
Table 12 presents their movement data. 
 

Table 12. Movement Data for Person37 
 

Metric Value 

First Detection (Cam2) 18:06:02 
Last  Detection (Cam2) 18:06:02 

Total Detections (Cam2) 1 
Behavior Type Brief Visitor 

 
Person37 represents another Brief Visitor who appeared only at Camera 2. 

They were detected once at 18:06:02, with no appearances at Camera 1. 
Similar to person35, this pattern indicates a visitor who entered the market 

near Camera 2 or reached that point through a path that didn't pass Camera 1. 
The single detection again suggests minimal engagement with the market envi-
ronment, focused only on the area around Camera 2. 

These case studies illustrate the diversity of customer behaviors and move-
ment patterns within the walking street market, from purposeful round-trip jour-
neys to brief, localized visits. The variations in speed, transition time, and de-
tection patterns provide valuable insights into different shopping styles and pref-
erences. 

5 Discussion 

5.1 Feature Extraction for Person Re-identification 

Our experiments with various feature extraction methods revealed several important 
insights for person re-identification in walking street market environments. 

First, traditional feature extraction methods performed poorly compared to deep 
learning approaches. This aligns with findings from recent literature, where deep learn-
ing has consistently outperformed traditional methods for person re-identification tasks 
(Luo et al., 2019; He et al., 2021). The complex and varied nature of walking street 
market environments, with challenges such as changing lighting conditions, occlusions, 
and varied poses, requires the more sophisticated feature representations that deep 
learning can provide. 

Among deep learning methods, Convolutional Neural Networks (CNNs) like Res-
Net50 and ResNet101 showed decent performance, but were outperformed by more 
advanced architectures like Swin Transformer and ConvNeXt. This suggests that the 
hierarchical feature representation and attention mechanisms in these newer 
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architectures are better suited to capturing the nuanced features necessary for accurate 
person re-identification in challenging environments. 

The application of PCA dimensionality reduction consistently improved perfor-
mance across all deep learning architectures. This improvement was particularly dra-
matic for Swin Transformer, where PCA boosted Rank-1 accuracy from 48.57% to 
92.31% for C1→C2. This suggests that dimensionality reduction helps filter out noise 
and concentrate on the most discriminative features in the embedding space, leading to 
more robust matching. 

Our segmentation-enhanced approach, which combines YOLOv11 segmentation 
with Swin Transformer feature extraction, achieved the best overall performance. By 
removing background noise and focusing on person-specific features, this approach ad-
dresses a common challenge in person re-identification: distinguishing the person of 
interest from the surrounding environment. Furthermore, the division of the person im-
age into head, torso, and leg regions allows for more nuanced feature extraction that 
can better handle partial occlusions and varying poses. 

The relatively poor performance of UFFM and AMC in our experiments, despite 
their reported success in the literature (Che et al., 2024), may be attributed to the spe-
cific challenges of our dataset. The walking street market environment presents differ-
ent challenges compared to more controlled datasets like CUHK-SYSU and PRW, with 
more significant variations in lighting, crowding, and occlusion. Additionally, the lim-
ited size of our dataset may not provide sufficient examples for these methods to learn 
effective feature fusion strategies. 

 
5.2 Analysis of Segmentation-Enhanced Feature Extraction 

Performance 

The Segmentation-Enhanced Swin Transformer, leveraging YOLOv11 seg-
mentation and body-part region extraction, introduces a novel approach to feature ex-
traction for person re-identification. However, its lower mAP score (0.5962) and lim-
ited ability to match only 13 out of 30 person IDs raise questions regarding its effec-
tiveness compared to traditional deep-learning feature extraction methods. 

1) Impact of Feature Dimensionality and Loss of Global Context 
One of the key factors contributing to the lower performance in mAP 

is the reduced feature dimension (240D) compared to standard deep learn-
ing architecture such as ResNet50 (2048D), ConvNeXt (1024D), and 
Swin Transformer (1024D). The dimensionality reduction, while poten-
tially improving computational efficiency, may limit the model’s ability 
to capture nuanced identity-specific details across different camera per-
spectives. Unlike conventional full-body embeddings, segmentation-
based approaches inherently focus on body parts, potentially leading to 
fragmented feature representations that weaken re-identification robust-
ness in cross-camera settings.  

2) Challenges in Cross-Camera Matching Due to Partial Features 
While segmentation-based approaches can enhance occlusion robust-

ness by isolating distinct body parts, this localized feature representation 
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may neglect holistic contextual cues, which are crucial for distinguishing 
individuals across different camera views. The low match count (13 out 
of 30) suggests that, for a significant proportion of individuals, the ex-
tracted features may not be sufficiently discriminative when transitioning 
from Camera 1 (C1) to Camera 2 (C2) or vice versa. Unlike traditional 
feature extraction methods, which capture a more holistic representation 
of individuals, body-part-focused feature extraction may lead to misalign-
ment issues when body poses, viewpoints, or occlusions vary signifi-
cantly. 

3) Validation in Non-Match Cases: Effective Discrimination of Unseen In-
dividuals 

Despite the limitations in identifying known identities, the method 
demonstrates strong validity in non-match cases for person IDs (per-
son31, person32, person33, person34, and person35) in case of Camera 1 
to Camera 2 and (person36, person37, person38, person39, and person40) 
in case of Camera 2 to Camera 1. This suggests that the segmentation-
enhanced approach is highly effective in distinguishing unseen individu-
als from those present in the gallery. This observation aligns with the hy-
pothesis that segmentation enhances uniqueness by extracting fine-
grained features that might be more distinguishable from entirely differ-
ent individuals but fail to generalize well for re-identification within the 
same identity set. 

4) Comparison with Original Swin Transformer 
Interestingly, while the original Swin Transformer (dim=1024) 

achieves a higher mAP (0.3512) and match count (35), the segmentation-
enhanced version (dim=240) improves Rank-1 accuracy (0.9231 vs. 
0.4857) but fails to maintain high matching performance across the da-
taset. This indicates that while segmentation enhances first-rank matches 
for some individuals, it does not generalize effectively across a larger set 
of identities. 

 
5.3 Customer Behavior Insights 

Our analysis of customer behavior in the walking street market revealed several sig-
nificant insights that have implications for market management and optimization. 

The distribution of customer journey types shows a strong preference for one-way 
travel (50.00% of correctly matched customers), suggesting that the market serves pri-
marily as a thoroughfare with directional flow rather than a destination where custom-
ers tend to return to their starting point. This finding contrasts with traditional retail 
environments like shopping malls, where round-trip behavior is more common 
(Paolanti et al., 2020). The significant proportion of customers appearing at only one 
camera (31.24% combined across Scenarios 3 and 4) indicates that many visitors focus 
their activities on specific sections of the market rather than traversing its entire length. 

The camera density analysis revealed clear peak traffic times between 17:50 and 
18:05, with a noticeable flow pattern from Camera 1 to Camera 2 over this period. This 
temporal density information, combined with the spatial distribution between cameras, 
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provides valuable intelligence for staff allocation, security planning, and promotional 
timing. The relatively quiet periods identified before 17:45 and after 18:15 could be 
targeted for specific marketing initiatives to increase foot traffic during these times. 

The transition time and speed analysis yielded perhaps the most interesting insights. 
The average walking speed across all customers who moved between cameras was 0.45 
m/s, which is substantially slower than typical pedestrian walking speeds in urban en-
vironments (approximately 1.4 m/s according to Bohannon, 1997). This slow pace in-
dicates significant engagement with the market environment—customers are not 
merely passing through but are actively exploring, browsing, and interacting with ven-
dors. The difference between one-way journeys (0.44 m/s) and round-trip return jour-
neys (0.53 m/s) suggests that customers tend to browse more extensively on outbound 
legs and move more purposefully on return journeys, aligning with findings from Hui 
et al. (2009) on shopping path behaviors. 

Our behavioral classification revealed that Browsing Shoppers constitute the largest 
segment (40.00%), followed by Brief Visitors (33.33%). This distribution differs from 
typical indoor retail environments, where Goal-Oriented Shoppers often predominate 
(Popa et al., 2010). The high proportion of Browsing Shoppers indicates a market en-
vironment that encourages exploration and discovery rather than targeted purchasing. 
The absence of Focused Shoppers (0.00%) suggests that this walking street market en-
vironment promotes movement and continuous exploration rather than concentrated 
engagement with specific vendors. 

The case studies of individual customers highlight the diversity of shopping behav-
iors and the value of person re-identification for understanding customer journeys. The 
detailed movement patterns of these customers provide concrete examples of the dif-
ferent behavior types identified in our analysis, from purposeful round-trip journeys to 
brief, localized visits. 

 
5.4 Insights for Retail Analytics 

Our customer behavior analysis provides several actionable insights for walking 
street market management: 

1) Traffic Flow Management: The predominance of one-way journeys (50.00%) 
suggests that the market functions primarily as a directional flow space. Market 
managers could optimize the layout to enhance this natural flow pattern, ensur-
ing clear pathways and strategic placement of complementary vendors along the 
main thoroughfare. The identification of peak traffic periods (17:50-18:05) en-
ables targeted staffing and crowd management during these times. 

2) Customer Segment Targeting: The significant proportion of Browsing Shop-
pers (40.00%) indicates a market environment that already encourages explora-
tion and discovery. Vendors could capitalize on this behavior by implementing 
attractive displays and interactive elements to convert browsing into purchasing. 
The substantial Brief Visitor segment (33.33%) represents an opportunity to in-
crease engagement through strategic entry-point promotions and attention-grab-
bing displays that encourage deeper market exploration. 
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3) Temporal Strategies: The clear temporal flow pattern, with Camera 1 peaking 
at 17:50-17:55 and Camera 2 peaking at 18:00-18:05, suggests a movement 
wave through the market. Time-sensitive promotions could be strategically im-
plemented to follow this wave, with early-evening specials near Camera 1 fol-
lowed by peak-time offers near Camera 2. The quieter periods identified could 
be activated through scheduled events or demonstrations to maintain consistent 
foot traffic. 

4) Spatial Optimization: The balanced distribution of customers appearing only 
at Camera 1 (15.62%) and only at Camera 2 (15.62%) suggests similar entry/exit 
activity at both ends of the market. This indicates potential for creating attractive 
"bookend" experiences at both locations to draw customers deeper into the mar-
ket space. The slightly faster speeds observed in Scenario 2B (return journeys) 
suggest an opportunity to place high-impulse purchase items along return routes 
where customers move more purposefully. 

5) Experience Enhancement: The relatively slow average walking speed (0.45 
m/s) indicates substantial customer engagement with the market environment. 
This engagement could be further enhanced through sensory elements (music, 
scents, visual displays) positioned at intervals that align with the natural pauses 
in customer journeys. The absence of Focused Shoppers suggests an opportunity 
to create designated "rest and engage" areas that encourage deeper interactions 
with select vendors or products. 

 
5.5 Limitations and Challenges 

Our study faced several limitations and challenges that should be considered when 
interpreting the results. 

First, the dataset size is relatively small, with 114 person images from Camera 1 and 
306 from Camera 2. This limited sample may not fully represent the diversity of cus-
tomer behaviors in the walking street market. A larger dataset collected over multiple 
days and time periods would provide more robust insights. 

Second, the image quality presented significant challenges for person re-identifica-
tion. The evening lighting conditions, occlusions by market stalls and other customers, 
and partial visibility of persons (typically capturing only from head to mid-leg) affected 
the quality of feature extraction. This is evident in the high rate of re-identification 
failures even with our best-performing methods. 

Third, the ground truth annotations relied on manual identification, which is subject 
to human error. While we made efforts to ensure accurate identification across camera 
views, the challenging conditions may have led to some misidentifications. 

Fourth, our behavior analysis assumes a direct path between the two cameras for 
calculating walking speeds. In reality, customers may take winding paths, stop at stalls, 
or deviate from the main walkway, which would affect the accuracy of our speed cal-
culations. 

Finally, privacy considerations limited our ability to collect certain types of data. 
While all data collection was conducted with appropriate permissions and in 
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accordance with local regulations, the need to respect privacy in public spaces con-
strained the granularity and breadth of our analysis. 

6 Conclusion 

This research presented a comprehensive framework for analyzing customer behav-
ior in walking street markets using person re-identification techniques. We compared 
traditional feature extraction methods, deep learning architectures, and advanced re-
identification approaches, finding that our segmentation-enhanced Swin Transformer 
model achieved the best performance with 92.31% Rank-1 accuracy and 59.62% mAP 
for the Camera 1 to Camera 2 direction. 

Our behavioral analysis identified distinct customer types based on movement 
speeds and detection patterns. We found that 40.00% of customers were Browsing 
Shoppers moving at moderate speeds through the market, 33.33% were Brief Visitors 
making short, focused visits to specific areas, 16.67% were Goal-Oriented Shoppers 
moving relatively quickly with specific objectives, and 10.00% were Lingering Shop-
pers engaging deeply with market offerings. 

The scenario distribution revealed that 50.00% of customers made one-way journeys 
through the market, 18.75% completed round trips, and 31.24% appeared at only one 
camera location. This distribution, combined with the temporal density analysis show-
ing peak traffic between 17:50 and 18:05, provides valuable insights for market flow 
optimization and staffing decisions. 

Transition time and speed analysis revealed that customers move through the market 
at an average speed of 0.45 m/s, significantly slower than typical pedestrian walking 
speeds. This indicates substantial engagement with the market environment and con-
firms the exploratory nature of the shopping experience in this context. 

The insights gained from our analysis have practical implications for market man-
agement, including strategic traffic flow management, targeted approaches for different 
customer segments, temporal promotion strategies aligned with movement patterns, 
spatial optimization based on entry/exit behaviors, and experience enhancements that 
leverage the observed engagement levels. 

This research contributes to the fields of computer vision and retail analytics by 
demonstrating the effectiveness of advanced person re-identification techniques for an-
alyzing customer behavior in dynamic and challenging environments. Our segmenta-
tion-enhanced approach addresses key challenges in person re-identification, such as 
background noise and partial occlusions, while our behavioral analysis framework pro-
vides a comprehensive method for understanding customer movements and interactions 
in retail spaces. 

Future work could explore several promising directions. Expanding the dataset to 
include multiple days and time periods would provide more robust insights into cus-
tomer behavior patterns and temporal variations. Integrating additional sensors, such as 
Wi-Fi tracking or Bluetooth beacons, could complement visual tracking and provide 
more comprehensive movement data. Finally, developing more sophisticated behav-
ioral models that account for interactions between customers, engagement with specific 
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stalls, and purchasing actions would further enhance our understanding of shopping 
behavior in walking street markets. 
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