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Abstract: Identifying-matching  the same individuals has become a complex thing in strengthening security and it shows 

seamless living within smart cities. This task involves detecting and matching a person across multiple camera views for 

surveillance and safety applications. The capability and ability are able to accurately recognize individuals from 

diversified visual data sources. The new pathways of computer vision accelerated the research progress with deep neural 

networks to process high quality surveillance data. By analyzing the structural elements of a Re-ID framework, one can 

differentiate between closed-world and open-world identification scenarios. This work proceeds shows data 

preprocessing strategies for person re-identification and evaluates deep learning approaches using widely recognized 

benchmark datasets. Finally, it mainly focus on the vital key role on developing an effective deep learning and that 

leverages various multimodal feature extraction aimed at performance analysis identification and performance accuracy. 

We proposed new technique evaluated to performance on human recognition capabilities. 

Keywords: Person matching identification, Re-Identification, Hashing, CNN, Autoencoders, Artificially Damaged Frames.

1. Introduction  

The These research mainly focused aims on recognize 

ROI and identify the person individual captured and 

observed video peer sequences through by live  and other 

mode cameras with overlapping or non-overlapping fields 

of best possible views. It represents mainly works as a 

primary personal component in the video surveillance 

systems, and enabling the live keep tracking of particular 

people across multiple locations on cameras and reducing 

identity mismatches with exact performance analysis. 

Beyond the rigid body individual scope tracking, Re-ID 

matching techniques have been extended to identify the 

multi-person tracking scenarios, including monitoring 

various parameters like athletes in sports videos, where 

overlapping trajectories, due cause often identity switches 

on various postures [1].  

The main issue we identifies the occlusion, illumination 

frequent changes, and pose variations depends rigid body 

moves due to dynamic viewpoints changes with 

significantly affect Re-ID identity performance analysis. 

According to public safety concern , it become a growing 

situation concern, securing crowded environments [2] to 

identifies on airports and shopping malls demands exact 

efficient and intelligent video surveillance systems 

analysis. Recent research identifies on notable research 

work in computer vision and deep learning to enhanced 

object pattern recognition capabilities using feature 

extraction including identifies color histograms, facial 

details, and jersey numbers, etc. Moreover, deep learning 

innovations have also strengthened voice-based control in 

modern electronic device and state-of-the-art methods,  

further presents the proposed methodology, the datasets, 

evaluation metrics, and results, and concludes the study 

with future research directions [3]. 

2. Literature Survey  
 

Individual matching and identification remains a 

challenging problem for autonomous tracking systems, 
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with broad applications across multiple domains [4]. The 

previous work and  existing models often perform 

inadequately in real-world scenarios due to environmental 

complexity and data limitations. The  Recent work 

proceeds are compiled the evolution of Deep Neural 

Network (DNN)-based approaches for Person Re-

Identification (PReID) since 2014, analyzing diverse 

architectures and datasets. Out of all available datasets, 

VIPeR is one of the most widely used and challenging 

benchmarks. Synthetic data generation has also been 

proposed to mitigate data scarcity, alongside efforts to 

reduce model complexity while maintaining rank-1 

recognition accuracy. 

According to Person Re-Identification (Re-ID) has gained 

increasing attention of object enhancement to analysis 

ability to identify rigid individuals from heterogeneous 

surveillance video footage. However, the privacy concerns 

risks arises, when surveillance data are outsourced beyond 

the environment to analysis, to address these issues, Haar 

Cascade based approaches to analysis have been proposed 

method to ensuring exact identity theft protection and 

while maintaining accurate Re-ID performance analysis 

through effective deep feature extraction techniques [5]. 

In the various studies to analysis using unsupervised 

video Re-ID label estimation, were expected outcome to 

using  a Dynamic Graph Matching (DGM) technique for 

better quality. It contains two-layer cost structure, and 

multi-layer ROI, iteratively refines various phases label 

graphs and discriminative performance metrics, and 

knowingly improving object rigid label accuracy analysis 

and robustness to noisy removing using training data [6]. 

This method widely used in constructs per-camera graphs 

and associates concerned labels through iterative graph 

and capture images and video peers matching, achieving 

performance comparable through supervised techniques  

Mainly highlighted on these research observations in the 

[7] Re-ID systems can be analyzed to categorized into 

various closed-world ROI and open-world ROI settings. 

Deep learning techniques approaches have targeted to 

achieved impressive exact accuracy in closed-world data 

image contexts under controlled environment 

assumptions; though, open-world ROI scenarios 

familiarize to other challenges and accurately reflect real-

world applications and deployments. Notable research 

areas are improvements include various ranking 

optimization techniques, deep feature representation 

analysis, and metric learning approach too. 

The study in [8] addressed dataset limitations by 

introducing LUperson, a large-scale unlabeled Re-ID 

dataset. Through unsupervised pre training, robust feature 

representations were learned, which improved 

generalization across supervised and few-shot Re-ID tasks. 

This work opened pathways for integrating temporal 

video information and developing end-to-end 

unsupervised models with performance rivaling 

supervised methods. 

Researchers are [9] explored mainly image transformation 

based approaching to image data retrieval, the Dual-Modal 

Fusion (DMF) networks connectivity, that unifies 

multimodal data integrity into a shared image feature 

extraction space analysis. Pre-training process to evaluates 

the quality enhancement including feature extraction and 

robustness, while ROI fine-tuning aligns model 

performance with data distribution and Data consistency, 

and benchmark posture evaluations depends on state-of-

the-art outcome to expected results, and with identifies 

potential ROI extensions to expose on posture estimation 

and data segmentation tasks. 

These proposed work using unsupervised learning and 

enhance the crowded rigid bodies identifies across within 

the needed multi-vision datasets including large-scale 

datasets InstagramIB, etc [10]. It gives immense improves 

image analysis performance in an autoencoding, and it 

represents the scope to enhance learning the model with 

transferability and accountability through applied 

Momentum Contrast (MoCo). 

According to  MIL technics to analysis perform Re-ID [11], 

through data captured integrating deep multi-scale 

convolutional architectures objectivity to improve identity 

predict accuracy on various postures. And the ROI utilizes 

the datasets are VIPeR, ETHZ to analysis better 

performance. Finally these represents a  superior 

robustness against lighting, background noise reduction, 

and occlusion variations on various positions, with further 

recommendations for extended evaluations for 

performance accurate result analysis. 

Finally, [12] the proposed DPFL model build with  a CNN 

architecture to capture multi-scale discriminative features 

for Re-ID. The pyramid structure processes features across 

different scales, employing scale-specific classification 

objectives within a unified deep learning framework. 

Experimental results across multiple Re-ID benchmarks 

confirmed the model’s superior performance over existing 

methods, emphasizing the significance of cross-scale 

consensus learning. 

3. Proposed Methodology 
 

The two main parts of the proposed method are to enhance 

quality auto encoder based and extracted features for 

individual re-identification based on advanced CNNs.  It is 

vital to review CNN and auto-encoders before delving into 

specifics. One such important and difficult problem in 

various multi-dimensional processing is person re-

identification in video sequences [13]. These days, the 

significance of identifying persons is more apparent than 
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ever because of the expanding usage of surveillance and 

control cameras in public areas [14]. Generally, individual 

re-identification (re-id) involves the ability to locate and 

track a person across non-overlapping camera fields of 

view. Since there are many people in the camera's range of 

vision in busy public areas, it is necessary to identify the 

target person (query) among them all. Stated differently, 

individual re-id refers to the process of comparing the 

individual shown on non-overlapped cameras with the 

group of prospects shown in the search cam [1].Below 

figure explains about the person-recognized identification 

system concepts. 

 

 
 

Figure. 1 Overview of individual Re-Identification 

 
Due to the high semantic level of the descriptions, 

pedestrian attribute recognition faces significant visual 

variation and spatial shifts. For example, the same clothing 

type (such as shorts) can look significantly different. 

Different body positions and camera views are the cause of 

the significant spatial shifts with regard to the identified 

pedestrian bounding boxes [25], and it can be difficult to 

detect or segment finer body parts in surveillance-style 

recordings. Moreover, occlusion and variations in 

illumination complicate the issue in realistic environments. 

 

A multilayer neural network known as an auto-encoder 

uses encoder and decoder layers are used to reconstruct 

input [28]. Once the primary image  is passed through this 

network, the encoder reduces its dimensions and extracts 

key features, resulting in a compact vector representation. 

Then, using supervised learning, the decoder feeds the 

encoded feature vector in an attempt to recreate the input. 

Auto-encoders benefit a variety of purposes, including 

denoising and feature extraction in image processing [26]. 

 

The three primary tasks of the suggested approach are 

person re-identification, feature extraction, and frame 

repair for denoising and occlusion overcoming. The 

ensuing subsections provide an explanation of each 

component's specifics. Due to the fact that person re-id's 

detected frames are typically noisy and low resolution. 

During crowded scenes [17], occlusion takes place. This 

component fixes occluded pixels in order to overcome 

occlusion and fix the frame. An auto-encoder is used to 

achieve this, and it is trained using frames that have been 

damaged. Assuming the input frame is an RGB frame, we 

define the concept of an Artificial Damaged Frame (ADF). 

 

 

 
Here, Ω denotes the operator that models the random 

damage to the patch pixels, f′ represents the ADF, and n is 

the noise distribution (which can have different types and 

varying variances). The primary frame f is the desired 

output, while the ADF serves as the input frame to the 

auto-encoder after it has been generated [18]. The targeted 

result and Artificial damaged frames are achieved by 

adjusting the weights to reduce the mean square error. 

Where (.) and 𝐸(.) represent the decoder and encoder, 

respectively, in action. Figure 2 depicts the idea behind this 

phase. 

 
Figure. 2 The idea of Auto Encoder training and ADF for 

structure reconstruction 

 

A CNN is used for feature extraction in the following step. 

In order to achieve this, the backbone of the network is 

VGGNet [27], which has been shown to be a significant 

CNN in the literature. To adjust the network for our work, 

a few fully-connected layers are added. Every individual is 

treated as a distinct category in the classification task that 

trains the network. Convolution layer weights will be 

adjusted throughout training until the classification error is 

as low as possible. Equations (3) and (4) compute the 

outcome of each The convergence and fully linked layer. 

 

In the network, the filter kernel (ℎ) processes the input 

frame (p) at each layer. The network weights are adjusted 

in process of training phase and input values (ni) to 

associate each input frame with a specific individual. This 

enables the model to effectively learn and capture the 

essential features from the frames [27].  

 

We calculate distance between vector and gallery images 

by using Euclidean distance measure. These distances are 

https://doi.org/10.63328/IJCSER-V3RI1P2


International Journal of Computational Science and Engineering Sciences                                                             T Ramya et, al.                                                                          

ISSN: 3107 - 8605 (Online) , http://www.ijcser.com/ , Vol. 3, Issue 1, 2026, https://doi.org/10.63328/IJCSER-V3RI1P2 

Jack Sparrow Publishers © 2026, IJCSER , All Rights Reserved                                                                                                 

www.jacksparrowpublishers.com                                                                                                                                                                                                                                                                                                                                                                        11 

ranked, with the closest match being identified. The 

architecture of this approach is shown in Figure 3. 

 

 
Before sending frames to the CNN, the trained auto-

encoder is applied on the ADF, as seen in Figure 3. Initially 

it clears the damaged, obscured to increase frame 

quality.by this way the similar persons were identified and 

matched by well-trained CNN model. Initially we divided 

into two sections and at the core of our model, we use an 

encoder-decoder structure, which enhances its ability to 

recognize and correct noisy frames in person re-

identification [20]. To reduce noise in training phase , we 

train CNN to recognize frames by assigning each 

individual to a unique class label. This allows the model to 

effectively classify and differentiate between people. Once 

the frames are classified, their features are extracted and 

compared, enabling the model to assess the level of 

similarity or dissimilarity between them [23]. This process 

is crucial for accurately matching individuals across 

different frames in person recognizing tasks. 

  

 
 

Figure. 3 The proposed model and technique and he block 

diagram/flow chart is shown as 

 

 
 

Figure. 4 Block diagram of deep learning CNN 

 

4. Results and Discussions 

 

Two well-known databases, CUHK01 [20] and CUHK03 

[21], are utilized to assess the suggested approach. Each of 

the 971 individuals in CUHK01 has four frames from two 

non-overlapping cameras. There are more than five frames 

accessible for each of the 1467 individuals that make up 

CUHK03, which were taken by five distinct, non-

overlapping cameras. Half of the individuals in each 

dataset are taken into consideration for the initial phase of 

training, and leftover individuals are considered for the 

test data, which is separated by gallery set and probe set. 

Table 1 displays the dataset and set details [21].  

 

Ranking metrics are utilized for evaluation purposes. Once 

the similarity detected, the frames are organized in 

descending order based on similarity, creating a ranked 

list. The rank-1 metric is significant as it reflects the 

probability of accurately identifying the matching frame 

on the first attempt. If the query frame matches the 

highest-ranked frame, the rank-1 score for that query is 1. 

The average of all rank-1 score of all query frames are 

denoted with rank-1. Based on frequent analysis on Rank-k 

to analysis the query object frame appearance within the 

ROI top k frames on the verified list. These research 

observation to find out captures data evaluation 

performance metrics have been extensively used in 

existing to evaluate Re-ID systems. Figure 4 depicts the 

CNN and feature extraction training processes, showing 

the loss functions for each epoch along with the training 

and validation accuracy. The model's performance on 

training data is demonstrated, and the convergence of both 

training and validation loss curves indicates the model's 

ability to generalize effectively to unseen data [22]. 

 

Table 2 explains the numerical results for the suggested 

approach on CUHK01, Rank-k performance is evaluated 

for values of k = 1, 5, 10, and 20, and is compared against 

several advanced models. This approach evaluates how 

well the model ranks the correct person within the top-k 

predictions, providing a clear understanding of its 

accuracy in various situations. By comparing these results 

with those of leading models, we can gauge the relative 

effectiveness and strength of our method.. Additionally, 

these findings are calculated for CUHK03, and Table 3 

displays the comparison results [23].  

 

Table 2 shows that the suggested approach outperformed 

previous approaches, achieving 92.1% rank-1. Moreover, 

the proposed method exceeds the performance of other 

techniques in several rankings, which can be credited to 

the use of a deep CNN for feature extraction and an auto-

encoder for frame refinement. Table 3 highlights that the 

Rank-1 score of the proposed approach is 94.4%, 

outperforming the best methods by 1.9%.  

 

Additionally, when evaluating performance across 

different ranks, it is clear that our model performs better 

on the others CUHK03.The Rank-1 accuracy for different 

types of fake noise across both databases, comparing 

results with and without the ADF trained auto-encoder. 

The model’s performance improves as 
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it learns to handle noisy and randomly corrupted inputs. 

This enhancement is able to repair frames, retrieve robust 

features for each individual, and its awareness of noise, all 

of which contribute to the increased accuracy. 

 

Table. 1 Information regarding the datasets and their 

corresponding splitting strategies 

 

 
Table. 2 Outcomes and comparison using the CUHK01 

dataset 

 
 

Table 3.Outcomes and comparison using the CUHK03 

dataset 

 

 
 

Table 4: Findings (%) from large re-ID datasets 

 

 
 

 

Figure. 5 Loss functions and simulated accuracy for 

CUHK01 and CUHK03 as well as validation data. 

 
 
Figure. 6 Three distinct inquiry frames were ranked in the 

visual outputs of the suggested model. The right re-

identified frame is shown with a green marker in each row. 

 

Findings (%) from large re-ID datasets. The DL algorithm 

outperforms the majority of published methods by a 

significant margin and achieves best performance in state 

of the art performance. Notably, the DL algorithm contains 

2.2 million parameters, a significant reduction from the 

best-performing DL algorithm at the moment (Resnet-

based approaches). The model was trained from the 

beginning.  

 

5. Conclusion and Future Scope  
 

In image processing, person re-identification remains a 

crucial and difficult job. This study used deep CNNs and 

auto-encoders to suggest a novel approach to human re-

identification. To overcome noise and occlusion and 

enhance frame quality, The auto-encoder was trained 

using frames with intentional damage. A convolutional 

neural network-based model was created for feature 

extraction in order to obtain reliable features for human re-

identification. Results from experiments on two well-

known datasets, CUHK01 and CUHK03, showed that the 

suggested approach outperforms the most advanced 

techniques.  

 

With just our pre-training ResNet50 model, we obtain 

good performance on Market1501, DukeMTMC, MSMT17 

including significant features. In order to address the lack 

of training data, further work to enhance the model may 

investigate merging generative models with an 

unsupervised approach and also in the future work, It is 

important to explore and enhance the proposed feature  

method to increase the accuracy person’s Re-ID. Various 

deep learning techniques can be adapted to extract 

additional multimodal features and can also be applied to 

video databases. 
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