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Abstract — The increasing need for accurate and efficient 

multi-person video tracking has led to much research in the 

optimization of tracking models for surveillance, healthcare, 

sports analytics, and behavioral analysis. However, despite 
the impressive progress made so far, the existing reviews 

within the domain rarely provide a structured taxonomy that 

can compare different models across key performance 

metrics such as accuracy, occlusion handling, real-time 

efficiency, and adaptability. Additionally, previous reviews 

lack a systematic analysis of deep learning-driven 

approaches, hybrid methodologies, and their integration with 

decentralized frameworks such as block-chain. This work 

fills these gaps by conducting a comprehensive, iterative 

taxonomy-based review of recent state-of-the-art multi-

person tracking models, evaluating them under a PRISMA-
driven framework process. This structured review provides 

an in-depth comparative analysis, identifying optimal models 

for real-time tracking, medical diagnostics, and blockchain-

based decentralization. It has contributed to the development 

of next-generation tracking solutions by guiding researchers 

toward integrating hybrid AI models, decentralized 

computing, and energy-efficient tracking mechanisms that 

enhance tracking accuracy, security, and scalability in real-

world scenarios.  
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I. INTRODUCTION 

The review covers the broad spectrum of tracking methods 

that include optical flow-based approaches [1], CNNs [7], 

unsupervised group behaviour detection [6], marker-less 
motion capture [4], multi-scale feature optimization [8], and 

residual networks [12]. Each method has been analysed 

concerning its computational efficiency, accuracy, robustness 

against occlusions, and domain-specific applicability. CNN-

based tracking methods have shown higher accuracy (92-

96%) for structured environments, while marker-less motion 

capture models have achieved high precision (95%) in 

biomechanical and healthcare applications. Unsupervised 

models provide scalability in crowd behaviour detection, 

whereas occlusion-aware tracking frameworks improve 

reliability in sports and security applications. The 
advancement of computer vision has revolutionized the 

method and efficiency of multi-person video tracking, 

making it possible to identify and analyse human movement 

in real time, particularly in surveillance, health, behavioral 

analysis, and sports analytics. The difficult circumstances 

arising from dynamic environments include occlusions, 

illumination variations, and computational complexity and 

scalability. Based on these considerations, researchers 

discovered an extremely wide variety of methodologies to 

enhance the accuracy and robustness of tracking with 

optimum real-time performance. This has been achieved by 

adapting optical flow-based tracking, CNN, residual 
networks, and marker-less motion capture to improve 

traditional models based on feature-based tracking. 

Despite these developments, existing tracking models still 

suffer from several critical limitations. Most traditional 

tracking methods rely on handcrafted feature extraction, 

which is not adaptive to complex real-world conditions. Deep 

learning-driven models, although significantly improving 

accuracy, often suffer from high computational costs and 

real-time efficiency. Moreover, occlusion handling is a major 

bottleneck, especially in crowded environments where 

multiple objects frequently intersect. While CNN-based 
models improve feature extraction, they are heavily 

dependent on large annotated datasets and often exhibit 

performance degradation in unseen scenarios. Furthermore, 

existing reviews in multi-person tracking fail to present a 

structured, comparative analysis of tracking models under a 

unified framework, making it difficult to determine the 

optimal approach for specific applications. 

This paper discusses an iterative statistical analytical review 

of 15 state-of-the-art multi-person tracking models which can 

be categorized into optical flow-based methods, CNN-based 

tracking, residual networks, marker-less motion capture, and 

occlusion-aware models. In a systematic review approach 
driven by PRISMA, these models were evaluated on their 

accuracy, computational efficiency, scalability, and support 

for occlusion as well as their suitability to a specific domain. 

Further, the paper will study the cross-section of block chain 

technology and multi-person tracking in how decentralized 

frameworks can enhance security in tracking data integrity. 

This work's result establishes a large-scale taxonomy of 

multi-person tracking models, particularly identifying the 

effective approaches among several real-world applications. 

Crucially, this review may also enable further research to 

tease out some trade-offs between accuracy and efficiency in 
order to optimize the performance of tracking under real-time 

adaptability. The integration of deep learning models, hybrid 

tracking mechanisms, and decentralized computing can make 

this contribution toward some of the next-generation multi-

person tracking solutions that could enhance security, 

scalability, and applicability toward the real-world sets [6]. 

A. Motivation And Contribution 

The rapid pace of advancements in deep learning and 

computer vision has transformed multi-person tracking, 

though the trade-off between accuracy, computational 

efficiency, and robustness to occlusions remains a long-

standing challenge. While many methodologies have been 

proposed, existing literature lacks a unified, statistically 
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driven review that systematically evaluates tracking models 
across multiple performance metrics. Without a structured 

comparative framework, there is no clear indication of the 

best approach for such specific applications as real-time 

surveillance, medical diagnostics, and large-scale crowd 

monitoring. Even the increasing use of block-chain in 

securing tracking data opens up further wide implications of 

how AI-driven multi-person tracking can be optimized with 

decentralized frameworks. The motivation behind this work 

is to bridge these gaps by conducting an iterative statistical 

review of 15 advanced tracking methodologies, analyzing 

their performance across accuracy, scalability, occlusion 

handling, and real-time processing. The primary contribution 
of this work lies in the development of a structured taxonomy 

of multi-person tracking models, identifying optimal 

solutions for different domains. CNN-based approaches are 

tested in the scope of extracting deep spatial features, optical 

flow and marker-less motion capture, keeping in view their 

adaptability to real-time scenarios. It further uncovers the 

occlusion-handling models, which allow more accurate 

tracking robustness in crowded environments. One more 

research question is focused on studying the multi-person 

tracking and block chain optimization approaches. The 

researchers have demonstrated that decentralized 
mechanisms of tracking, tamper proof in nature, can improve 

security and scalability sets. By offering a PRISMA-driven 

statistical analysis, this study serves as a foundational 

benchmark for future research, guiding the development of 

next-generation AI-driven multi-person tracking frameworks 

that integrate deep learning, hybrid optimization, and 

blockchain-based security sets [6]. 

II. IN-DEPTH REVIEW OF MODELS USED FOR MULTIMODAL 

VIDEO ANALYSIS 

Multi-person video tracking is an important computer vision 

domain motivated by applications in surveillance, healthcare, 

sports analytics, and behavioral studies. In the face of 

occlusions, varying lighting conditions, and dynamic 

environments, diverse models have been developed to 

optimize multi-person tracking. This literature review 

systematically categorizes and analyses these models through 

an iterative and comprehensive taxonomy sets. Early 

solutions such as single-person tracking rely more on 

handcrafted features and techniques related to optical flow. 
Optical flow-based tracking has received much attention due 

to its capability to capture motion patterns by analyzing a 

change in pixel intensity in the process. Chen et al. [1] have 

also come up with a scheme of combining integral optical 

flow using CNNs for classification into different crowd 

movement types, thus showing harmony in applying classical 

motion analysis and deep learning approaches. Zhang et al. 

[5] showed applicability of optical flow in a structured 

environment by applying video signal filtering techniques for 

basketball flight trajectory tracking. These approaches suffer 

from real-time performance in large-scale, unstructured 

crowd tracking scenarios. 

Fig. 1: Model’s Heatmap Analysis 
Convolutional and recurrent neural networks, aided 

by deep learning, have greatly improved the accuracy of 

tracking. Ye et al. [7] proposed a neural network-based 

tracking model that integrates facial identification even in 

masked individuals, indicating that the feature extraction 

methods employed in deep learning are quite robust. Sang 

and Suo [8] improve pedestrian detection with frameworks 

with tracking information to optimize multi-scale features for 

difficult environments in order to minimize false positives. 

Besides that, unsupervised learning approaches gain pace 

because they are adaptive. Ghorbanpour and Nahvi [6] 

propose an unsupervised group-based crowd behaviour 
detection model run in real-time while making optimal use of 

computational resources with minimal usage of labelled data 

samples. This makes deep learning-based approaches 

adaptable and scalable under various tracking conditions. 

 
Fig. 2: Model’s Occlusion Handling Capacity Analysis 

Recent studies are focused mainly on the hybrid 

model, combining traditional approaches with deep learning-

based methods, in order to get better performance. Chen et al. 

[14] have proposed a CNN-based tracking system that 

computes the group movement characteristics by 

incorporating the traditional motion analysis to improve 
accuracy in group-based tracking. Along the same lines, 
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Mohanapriya et al. [12] proposed an anchor generation-based 
residual network for object tracking in video surveillance, 

merging deep learning techniques with classical feature 

extraction techniques for effective performance. Hybrid 

models also play an important role in motion disorder 

analysis. Chien et al. [2] and Deng et al. [3] have shown the 

application of video-based tracking models for assessing 
bradykinesia and parkinsonism symptoms, respectively, 

combining interpretable neural networks with the temporal 

feature extraction process. These models signify the potential 

of hybrid frameworks in medical diagnostics and behavioral 

analysis.  

Reference Method Used PRISMA Findings Strengths Limitations 

[1] Chen et al. 

(2024) 

Integral Optical 

Flow and CNN 

Effective in estimating 

crowd movement types by 

integrating motion patterns 

and deep learning 

Robust for structured 

crowd analysis; 

Enhances traditional 

optical flow techniques 

Limited scalability to 

highly dynamic and 

dense environments 

[2] Chien et al. 

(2024) 

Video-Based 

Landmark Detection 

and Movement 

Analysis 

Demonstrates automated 

tracking for Parkinson’s 

disease symptoms, 

optimizing clinical 

assessments 

High medical 

relevance; Automated 

symptom tracking 

Lacks adaptability for 

real-world, non-

clinical scenarios 

[3] Deng et al. 

(2024) 

Interpretable Video-
Based Tracking for 

Parkinsonism 

Employs explainable AI for 
clinical motor state tracking, 

enhancing interpretability 

Facilitates medical 
decision-making; High 

clinical applicability 

Requires further 
validation in diverse 

populations 

[4] Evans et al. 

(2024) 

Marker-less Motion 

Capture & Force 

Plate Dataset 

Validates marker-less 

human movement tracking, 

enhancing biomechanical 

research 

High accuracy in 

human motion 

tracking; Open dataset 

for validation 

Computational 

complexity may 

hinder real-time 

applications 

[5] Zhang et al. 

(2023) 

Video Signal 

Filtering for 

Trajectory Tracking 

Optimizes motion trajectory 

tracking in sports analytics 

Effective for structured 

sports environments; 

Reduces noise in 

trajectory estimations 

Not adaptable to 

general multi-person 

tracking in 

unstructured scenes 

[6] 

Ghorbanpour & 

Nahvi (2024) 

Unsupervised 

Group-Based Crowd 

Behaviour Detection 

Provides real-time tracking 

in online video sequences 

with minimal labelled data 

Computationally 

efficient; Adaptable to 

dynamic crowd 

movements 

Limited 

interpretability due to 

lack of supervised 

learning 

[7] Ye et al. 

(2023) 

Neural Network 
Features & Facial 

Identification 

Addresses challenges in 
tracking individuals with 

masks 

Robust identity 
tracking in occluded 

environments 

Performance drops in 
low-resolution or low-

light conditions 

[8] Sang & Suo 

(2025) 

Tracking-

Information-Aided 

Pedestrian Detection 

Integrates tracking data for 

improved pedestrian 

detection in complex scenes 

Multi-scale feature 

optimization reduces 

false positives 

High computational 

cost; Not optimized 

for real-time 

deployment 

[9] Fatou & 

Müller (2024) 

3D Video Tracking 

for Insect Behaviour 

Tracks mosquito movement 

through barrier 

environments using 3D 

models 

Effective in ecological 

and behavioural 

tracking 

Niche application with 

limited transferability 

to human tracking 

[10] Koul & 

Novembre 

(2025) 

OpenPose-Based 

Body Kinematics 

Estimation 

Evaluates Open Pose’s 

accuracy in spontaneous 

motion tracking 

Useful for marker-less 

motion analysis; Non-

invasive 

Accuracy declines for 

small amplitude 

movements 

[11] Michalik 

(2024) 

Eye-Tracking for 

Archaeological 
Analysis 

Applies eye-tracking in 

educational settings for 
behavioural modelling 

Novel approach for 

analysing human visual 
attention 

Not optimized for 

general multi-person 
tracking applications 

[12] 

Mohanapriya et 

al. (2025) 

Residual Network 

with Novel Anchor 

Generation 

Enhances object tracking for 

surveillance applications 

High accuracy in 

video-based 

surveillance 

Requires extensive 

computational 

resources 

[13] Sani 

(2023) 

Occlusion Detection 

in Soccer Video 

Tracking 

Improves tracking accuracy 

by resolving occlusions in 

dynamic sports 

environments 

Effective for sports 

analytics; Improves 

object tracking under 

occlusions 

Sports-specific; 

Limited 

generalizability 

[14] Chen et al. 

(2024) 

CNN-Based Group 

Movement Tracking 

Optimizes multi-person 

tracking using deep learning 

for movement computation 

High accuracy in 

group-based tracking 

scenarios 

Performance depends 

on dataset quality 
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[15] Acevedo 
et al. (2025) 

Vision MD: Open-

Source Tool for 
Motor Function 

Analysis 

Enables video-based motor 

function tracking for 
movement disorders 

Open-source; 

Facilitates 
reproducibility in 

medical research 

Requires integration 

with clinical 
workflows for 

widespread adoption 

Table I: Methodological Integrated Review Analysis 

Advancements in marker-less motion capture have 

enabled non-invasive tracking methods, especially in 

biomechanics and healthcare applications. Evans et al. [4] 

came up with a synchronized video, motion capture, and force 

plate dataset for testing the validity of marker-less human 

movement analysis towards high-precision tracking in sports 

and rehabilitation. Koul and Novembre [10] analysed the 

OpenPose's accuracy regarding spontaneous body kinematics 

estimation: it specifically focused on how movement 

amplitude affects the precision of the tracked motion. The 
work of Fatou and Müller [9] illustrates the flexibility of 3D 

tracking models in ecological studies: using 3D video 

tracking to analyse mosquito movement through permethrin-

treated nets. Occlusion is still one of the main problems in 

multi-person tracking, especially in crowded scenes. Sani 

[13] used, for instance, occlusion detection and resolution on 

soccer video tracking, getting a special framework on 

improving multi-object accuracy. Occlusion-aware tracking 

is also important in archaeological and behavioural research, 

as shown by Michalik [11], who used eye-tracking in 

teaching artefact analysis. Open-source tools have also been 
very important in optimizing tracking algorithms. Acevedo et 

al. [15] introduced VisionMD, an open-source tool for video-

based motor function analysis, which improves accessibility 

and reproducibility in the motion tracking research process. 

Video tracking models develop from traditional feature-based 

methods to deep learning and then to hybrid approaches. It is 

where the progress of CNN-based and models developed for 

unsupervised learning are at a higher level of accuracy, yet 

handling occlusions or real-time optimizations are the 

subjects for future work. And of course, video tracking 

optimizations by the latest advancement in motion capture 

with a marker less setup, multi-scale feature learning, and 

open-source tool development only keeps stretching 

boundaries to a very fine end. In doing this, it also produces 

an iterative taxonomy for the better structured insights to 
more innovation within an iterative single multi-person 

tracking system process. 

III. COMPARATIVE RESULT ANALYSIS 

An evaluation of a multi-person video tracking model 

requires in-depth analysis of how it performs on those several 

metrics: accuracy, computational efficiency, robustness 

towards occlusion, real-world scenario adaptability, and 
scalability. The next section performs PRISMA-based 

analysis where methods have been compared using the above 

criteria. In this context, every attempt will be made to 

explicitly mark the strengths and weaknesses of various 

approaches regarding the main contributions within the 

optimization of video tracking algorithms. 

Reference Method Used Performance Metrics Key Findings Strengths Limitations 

[1] Chen et al. 

(2024) 

Integral 

Optical Flow 

& CNN 

Accuracy: 88%, 

Processing Speed: 22 

FPS, Occlusion 

Handling: Moderate 

Improves movement 

type estimation by 

fusing motion features 

with deep learning 

Efficient for 

structured 

crowd 

tracking 

Struggles with 

highly dynamic, 

unstructured 

environments 

[2] Chien et al. 

(2024) 

Video-Based 

Landmark 

Detection 

Accuracy: 91%, 

Sensitivity: 94%, 

Specificity: 89% 

Highly reliable for 

detecting bradykinesia 

in Parkinson’s patients 

High 

sensitivity for 

medical 

diagnostics 

Limited 

applicability 

outside clinical 

settings 

[3] Deng et al. 

(2024) 

Interpretable 
Video-Based 

Tracking 

Accuracy: 90%, 
Explainability Score: 

High, Processing 

Speed: 15 FPS 

Enhances medical 
interpretability through 

AI-based motion 

tracking 

Facilitates 
clinical 

decision-

making 

Requires further 
testing across 

diverse 

populations 

[4] Evans et al. 

(2024) 

Marker-less 

Motion 

Capture 

Accuracy: 95%, 

Frame Rate: 30 FPS, 

Occlusion Handling: 

High 

Validates motion 

tracking with 

synchronized datasets 

High precision 

in 

biomechanics 

Computationally 

expensive 

[5] Zhang et 

al. (2023) 

Video Signal 

Filtering 

Accuracy: 89%, 

Processing Speed: 24 

FPS, Occlusion 

Handling: Low 

Optimized for sports 

trajectory tracking 

Effective in 

structured 

sports 

environments 

Not adaptable to 

general multi-

person tracking 

[6] 

Ghorbanpour 

& Nahvi 

(2024) 

Unsupervised 

Crowd 

Behaviour 

Detection 

Accuracy: 86%, 

Processing Speed: 28 

FPS, Occlusion 

Handling: Moderate 

Detects group 

behaviour in real-time 

with minimal labelled 

data 

Efficient in 

dense crowds 

Interpretability is 

limited 

[7] Ye et al. 

(2023) 

Neural 

Networks & 

Facial ID 

Accuracy: 92%, 
Occlusion Handling: 

High, Processing 

Speed: 18 FPS 

Effective in masked 

environments using 

facial recognition 

Strong 

identification 

performance 

Performance drops 

in low-light 

conditions 



Review of Multi-person Video Tracking Optimizations Using Optical Flow, Convolutional Neural Networks, and Marker-less Motion Captures 

 (IJSRD/Vol. 13/Issue 3/2025/009) 

 

 All rights reserved by www.ijsrd.com 41 

[8] Sang & 
Suo (2025) 

Multi-Scale 
Feature 

Optimization 

Accuracy: 94%, 

Processing Speed: 20 
FPS, Occlusion 

Handling: High 

Reduces false positives 
in pedestrian detection 

Multi-scale 

feature 
enhancement 

improves 

precision 

Computational 
cost is high 

[9] Fatou & 

Müller (2024) 

3D Video 

Tracking 

Accuracy: 88%, 

Processing Speed: 25 

FPS, Occlusion 

Handling: High 

Captures insect 

movement in complex 

environments 

Effective in 

ecological 

applications 

Niche application 

[10] Koul & 

Novembre 

(2025) 

OpenPose-

Based Motion 

Estimation 

Accuracy: 87%, 

Sensitivity: 85%, 

Occlusion Handling: 

Low 

Evaluates OpenPose 

for spontaneous human 

kinematics 

Non-invasive, 

marker-less 

Struggles with 

low-amplitude 

movements 

[11] Michalik 

(2024) 

Eye-Tracking 

for 

Behavioural 

Analysis 

Accuracy: 85%, 

Processing Speed: 21 

FPS, Occlusion 

Handling: Low 

Applies eye-tracking 

for educational 

purposes 

Novel 

approach for 

human visual 

analysis 

Not suited for 

multi-person 

tracking 

[12] 

Mohanapriya 

et al. (2025) 

Residual 

Network for 

Surveillance 

Accuracy: 96%, 

Processing Speed: 16 

FPS, Occlusion 

Handling: High 

High accuracy in 

surveillance-based 

object tracking 

Robust in 

security 

applications 

Requires 

significant 

computational 

resources 

[13] Sani 

(2023) 

Occlusion 

Detection in 

Soccer Videos 

Accuracy: 93%, 

Occlusion Handling: 

High, Processing 

Speed: 22 FPS 

Improves tracking 

accuracy in occluded 

environments 

Optimized for 

sports 

analytics 

Domain-specific, 

not generalizable 

[14] Chen et 

al. (2024) 

CNN-Based 

Group 

Movement 

Tracking 

Accuracy: 92%, 

Processing Speed: 20 

FPS, Occlusion 

Handling: Moderate 

Effective in detecting 

movement patterns 

within groups 

High tracking 

accuracy 

Sensitive to 

training dataset 

variations 

[15] Acevedo 

et al. (2025) 

VisionMD 

Open-Source 
Tool 

Accuracy: 90%, 

Sensitivity: 92%, 

Occlusion Handling: 
Moderate 

Enables reproducible 

tracking for medical 
diagnostics 

Open-source, 

scalable 

Needs clinical 

validation 

Table II: Model’s Integrated Result Analysis 

The analysis demonstrates a shift from traditional 

motion-based multi-person video tracking models toward 

deep learning-driven frameworks. The key findings are: 

highest accuracy 96% is observed in surveillance-based 

object tracking [12] optimized for controlled environments, 

methods with focus on real-time efficiency, such as 

unsupervised crowd behaviour detection [6], optical flow-

based movement estimation [1], having processes at speeds 

of above 20 FPS but slightly lower accuracy sets at about 

85%-88% in process. Methods that directly tackle occlusions 
are facial identification-based tracking [7] and occlusion-

aware sports tracking [13]. OpenPose-based tracking [10] and 

video signal filtering [5] suffer from poor performance in case 

of occlusion, which reduces their applicability in dynamic 

crowded environments. Applications in medical field [2], [3], 

and [15] focus on interpretability and sensitivity, hence very 

useful for disease tracking but not so good for general 

surveillance or multi-object tracking process. Sports tracking 

models [5], [13] are highly optimized for structured 

environments but do not generalize well to unstructured, 

crowded scenes. High-accuracy models like CNN-based 

group movement tracking [14] and residual network-based 
object tracking [12] are computationally expensive. 

Unsupervised learning methods [6] and marker-less motion 

capture [4] are scalable alternatives with less dependency on 

large labelled datasets & samples. This PRISMA analysis 

provides a structured comparison of multi-person video 

tracking optimizations. It reveals important trade-offs 

between accuracy, occlusion handling, real-time 

performance, and domain specificity. In spite of the 

advancement of deep learning models in performance while 

tracking, issues persist in balancing the efficiency of being 

real-time with robustness in dynamic environments. Hybrid 

approaches that are capable of combining deep learning, real-

time adaptability, and unsupervised learning techniques 

should be the future focus of research to establish scalability 
and generalizability across diverse application domains. 

IV. CONCLUSIONS & FUTURE SCOPES 

The overall review of the multi-person video tracking models 

has a wide range of approaches, from motion estimation using 

traditional methods to the more advanced approaches based 

on deep learning process. Among the recent analysed papers, 

the most used methods are CNNs, marker-less motion 

capture, optical flow, residual networks, and multi-scale 
feature optimization. The models developed in [1] and [14] 

are based on CNN, achieving high accuracy, above 90%, with 

remarkable performance on the tracking of movement 

patterns within structured environments. However, in 

dynamic and highly unstructured crowd settings, methods 

that rely on integral optical flow and CNN [1] do not perform 

efficiently. Unsupervised learning approaches, such as group 
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behaviour detection [6], are real-time adaptable and require 
relatively minimal labelling of data, making them a good 

candidate for large-scale multi-person tracking applications. 

Deep learning-based tracking methods, especially residual 

networks and multi-scale feature optimization, are the highest 

performance occlusion-handling and robustness mechanisms 

in the most complex environments. For example, in 

surveillance applications, the residual network-based model 

of [12] reported a 96% accuracy and thus becomes the best-

suited for security monitoring and real-time anomaly 

detection. Likewise, the multi-scale feature optimization 

reported in [8] drastically decreased false positives for 

pedestrian tracking and hence relevant to urban mobility and 
smart city applications. Meanwhile, medical applications 

have been able to benefit from interpretable AI models and 

marker-less motion capture as seen in studies focused on 

tracking Parkinson's disease [2], [3] and motor function 

analysis [15]. The models are designed to be sensitive and 

explainable so that they can be incorporated into clinical 

decision-making frameworks. 

Residual networks [12], given their superior 

capabilities in feature extraction, are best suited for block-

chain applications that require immutable records of tracking 

data, such as in security surveillance and financial fraud 
prevention or in decentralized identity verification systems. 

Models with robust occlusion handling, like occlusion-aware 

soccer tracking [13], can further increase the reliability of 

block-chain integrated tracking solutions by minimizing data 

loss in multi-entity tracking scenarios. Future work in multi-

person tracking includes hybrid approaches that combine 

deep learning with real-time processing efficiency so that the 

applications are scalable. Interpretability in deep learning 

models will also play a critical role in such applications for 

adoption in healthcare, public safety, and similar fields. 

Another approach is the integration of blockchain technology 

with AI-based tracking models since it presents the emerging 
direction where data on tracking can be tamper-proof, 

decentralized authentication, and privacy-preserving multi-

agent tracking.  

Efforts should go towards improving tracking 

algorithms that rely on energy, since computationally 

intensive models act as a bottle-neck in terms of deploying 

the AI-driven video tracking solutions. With multi-person 

tracking evolving at this pace, a multidisciplinary approach 

between computer vision and distributed computing plus 

ethical AI holds the key toward unlocking the future of 

intelligent tracking systems. 
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