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INTRODUCTION
1.1 Background and Motivation

Real-time object detection and tracking in video sequences has become an essential area of research in the field ofcomputer vision. This technology is
at the core ofnumerous applications, including video surveillance, autonomous vehicles, human-computer interaction, and medical imaging.Astheworld
becomesincreasinglydigitized,thedemand forreal-time video processing systems has surged, driving innovations in algorithms, tools, and techniques.
MATLAB, combined with its robust Computer Vision Toolbox, provides a powerful platform for implementing and evaluating object detection and
tracking systems effectively. The primarymotivation behind object detectionand tracking lies in its abilityto extract valuable insights from visual data.
In a typical video sequence, objects move, interact, and change their appearance dynamically, making their detection and tracking a complex task. This
dynamic nature of video data presents challenges such as variations in lighting, occlusions, cluttered backgrounds, and rapid object movements.
Overcoming these challenges requires robust methodologies capable of ensuring high accuracy, speed, and reliability in real-time scenarios. The
integration of computer vision techniques into object detection and tracking has revolutionized how machines perceive and interpret their surroundings.
Traditional methods relied heavily on handcrafted features and rule-based algorithms, which were often limited in their adaptability to diverse
conditions. However, advancements in computer vision have introduced sophisticated techniques such as deep learning, optical flow analysis, and
feature extraction using convolutional neural networks (CNNs). These methods have significantly enhanced the capability of machines to process and
analyze video data in real-time. MATLAB serves as an ideal platform for developing and testing object detection and tracking algorithms due to its
versatility, ease of use, and extensive library of built-in functions. It provides a seamless environment for integrating multiple techniques, visualizing
results, and optimizing performance. MATLAB’s Computer Vision Toolbox includes pre-trained models, image processing functions, and tracking
algorithms, making it possible to implement complex pipelineswithouttheneedforextensivecodingfromscratch. Thisallowsresearchersandpractitioners to
focus on innovation and problem-solving rather than spending time on low-level programming. One of the most compelling motivations for this
research is its potential to enhance real-world applications.Forinstance, inthe fieldofsurveillance,real-timeobject detectioncanhelp identify suspicious
activities or unauthorized access, improving security and reducing crime rates. In autonomous vehicles, the ability to detect and track objects such as
pedestrians, vehicles, and traffic signals is critical for ensuring safe navigation. Similarly, applications in healthcare, such as tracking patient
movements or analyzing medical imaging data, can lead to improved diagnostics and patient outcomes. Furthermore, with the advent of artificial
intelligence, real-time object detection and tracking have become more accessible and efficient. Deep learning models, such as YOLO (You Only Look
Once) and SSD (Single Shot MultiBox Detector), have demonstrated state-of-the-art performance in detecting and tracking objects in challenging
scenarios. These models can be implemented and tested in MATLAB, providing a convenient framework for validating their effectiveness in various
environments. The motivation for researching real-time object detection and tracking stems from its vast applications and the challenges it presents. By
leveraging MATLAB and computer vision techniques, this research aims to develop efficient and accurate solutions that address the complexities of
real-world video processing, paving the way for future advancements in this exciting domain.

1.2 Problem Statement

Inthe moderneraofrapidtechnologicaladvancements, real-timeobject detectionandtracking in video sequences remains a significant challenge despite its
widespread applications. The ability to identify, locate, and follow objects in dynamic and often unpredictable video environments is essential for
numerous domains, such as surveillance, traffic monitoring, and autonomous systems. However, achieving high accuracy, efficiency, and robustness in
real-time scenarios is fraught with difficulties. Key challenges include dealing with varying illumination conditions, background clutter, occlusions, and
rapid movements of objects. These factors often lead to degraded detection accuracyand tracking failures, especiallyinreal-time processing where
computationalefficiency is critical. Moreover, the integration of detection and tracking mechanisms introduces complexities, as errors
indetectioncanpropagateto thetracking stage, compromising theoverall system’s performance. Although several object detection models like YOLO and
SSD and tracking algorithms such as Kalman Filter and Optical Flow have been developed, their performance is highly dependent on the specific



International Journal of Research Publication and Reviews, Vol (6), Issue (5), May (2025), Page — 13381-13386 13382

conditions of the video sequence. Real-time implementation of these techniques on standard hardware platforms poses additional computational and
memory constraints, which further complicates their application in practical scenarios. This research addresses the need to develop a robust, efficient,
and scalable framework for real- time object detection and tracking. By leveraging MATLAB’s powerful computational and visualization capabilities
alongside advanced computer vision techniques, the study aims to create a solution that can handle the inherent challenges of video processing,
ensuring accuracy and efficiency in diverse real-world environments.

1.3 Objectives of the Study

1  Todeveloparobustframeworkforreal-timeobjectdetectionandtrackinginvideo sequences using MATLAB and computer vision techniques.

2 To evaluate and optimize the performance of detection algorithms under varying videoconditions such as occlusions, lighting changes, and
dynamic backgrounds.

3 Tointegrateobjectdetectionmodelswithtrackingalgorithmsforseamlessreal-time implementation and improved accuracy.

4 To analyze and compare the computational efficiency of different techniques to ensuretheir applicability in real-time systems.

5  Toexplorethepotentialapplicationsofthedevelopedframeworkindomainssuchas surveillance, traffic monitoring, and autonomous systems.

Hypothesis

1  Advanced computer vision techniques integrated with MATLAB can significantly enhance the accuracy and efficiency of real-time object
detection and tracking in video sequences.

2 Theperformanceofobject detectionandtrackingsystemsisinfluencedbyfactorssuchas lighting conditions, object occlusions, and background
complexity, which can be mitigated through algorithm optimization.

3 Real-time implementation of detection and tracking frameworks in MATLAB can be computationally efficient while maintaining robustness
across diverse applications like surveillance and autonomous systems.

Literature Review

The field of real-time object detection and tracking has witnessed significant advancements in recent years, driven by the need for efficient and accurate
systems. Several groundbreaking studies have contributed to the development of techniques, algorithms, and frameworks, enhancing the performance
of object detection and tracking applications. Redmon and Farhadi (2016) introduced YOLO9000, a real-time object detection system that emphasized
speed and accuracy. The study highlighted the integration of classification and detection into a single framework, making YOLO9000 faster and more
efficient than traditional models. This approach revolutionized the field, particularly for applications requiring real-time processing, such as
surveillance and autonomous vehicles. Ren et al. (2015) proposed the Faster R-CNN model, which introduced region proposal networks (RPN) to
enhance detection efficiency. The study addressed the computational bottlenecks of previous methods by enabling nearly real-time object detection
while maintaining high accuracy. This innovation laid the foundation for future research in region-based detection. Lin et al. (2017) advanced object
detection with the introduction of focal loss, which addressed the class imbalance issue in dense object detection tasks. Their work focused on
improving the performance of models in detecting small or less prominent objects in complex environments, a critical challenge in real-world
applications. Zhao et al. (2019) provided a comprehensive review of deep learning-based object detection techniques, highlighting advancements and
challenges in the field. Their work emphasized the importance of robust algorithms to address issues such as occlusion, varying lighting, and
background clutter, which significantly impact detection accuracy. Bochkovskiy, Wang, and Liao (2020) developed YOLOv4, which further optimized
speed and accuracy for real-time applications. The study introduced several innovations, such as the use of Bag of Freebies and Bag of Specials
techniques, to enhance performance without increasing computational costs. The MATLAB Documentation (2022) outlined the capabilities of the
Computer Vision Toolbox, which offers algorithms and functions for object detection and tracking. MATLAB’s built-in tools have been instrumental in
enabling researchers to implement and test real-time systems efficiently. Ge et al. (2021) presented YOLOX, an advanced object detection model that
exceeded the performance of earlier YOLO versions. The study focused on removing handcrafted components and utilizing a fully anchor-free
approach, simplifying the detection pipeline and improving accuracy. Du et al. (2018) explored object detection and tracking in drone video sequences
through the VisDrone-VDT2018 challenge. The study highlighted the challenges posed by aerial perspectives, including motion blur and small object
detection, and demonstrated the potential of cutting-edge algorithms in such contexts. Xu et al. (2023) introduced transformer networks for real-time
object tracking, showcasing their ability to handle complex scenarios and improve tracking accuracy. The study emphasized the adaptability of
transformer-based models in processing sequential data, which is critical for video-based applications. Lastly, Luo et al. (2017) reviewed multiple
object tracking techniques, categorizing existing methods and identifying research gaps. Their work provided a solid foundation for developing
systems capable of tracking multiple objects in real-time, addressing challenges such as object occlusion and identity switches.

Methodology

The methodology for this study on real-time object detection and tracking in video sequences using MATLAB and computer vision techniques focuses
on a systematic approach to achieving the research objectives. The design includes algorithm selection, dataset preparation, implementation, and
performance evaluation.
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1. ResearchDesign

This study employs an experimental research design, which involves the development, implementation, and testing of object detection and tracking
models. The goal is to create a system that can process video sequences in real time with high accuracy and efficiency. MATLAB, equipped with its
Computer Vision Toolbox, is used as the primary platform for implementing and testing the algorithms.

2. DataCollectionandPreparation

Video datasets for object detection and tracking are sourced from publicly available databases such as COCO (Common Objects in Context), VisDrone,
and MOT (Multiple Object Tracking) datasets. These datasets include various scenarios such as traffic monitoring, surveillance footage, and dynamic
environments to test the robustness of the system. The collected data is preprocessed to remove noise, normalize pixel values, and annotate objects for
supervised learning.

3. AlgorithmSelection

The study employs state-of-the-art object detection algorithms such as YOLOv4 and Faster R- CNN due to their proven accuracy and speed. For
tracking, techniques like SORT (SimpleOnline Realtime Tracking) and DeepSORT, which integrate deep learning with tracking-by- detection methods,
are utilized. These algorithms are chosen for their compatibility with MATLAB and their ability to handle real-time processing.

4. ImplementationinMATLAB
The implementation involves:

. Model Training: The object detection models are trained on annotated datasets using transfer learning to optimize computational resources.
Pre-trained models are fine-tuned for specific scenarios using MATLAB’s Deep Learning Toolbox.

. Detection and Tracking Integration: The trained models are integrated with tracking algorithms to enable seamless detection and tracking
in video sequences. The Computer Vision Toolbox is used to implement and customize these algorithms for various applications.

. Optimization: Hyperparameters such as learning rate, batch size, and detectionthresholdsare fine-tunedto achievethe best
performance. Techniqueslike non-maximum suppression (NMS) are applied to reduce false positives.

5. EvaluationMetrics
e  Precision and Recall: To measure the accuracy of object detection.
e  Frames Per Second (FPS): To evaluate real-time processing capability.
. ID Switches and MOTA (Multiple Object Tracking Accuracy): To assess tracking performance.
These metrics are calculated for various scenarios to ensure the robustness and generalizability of the system.
6. ValidationandTesting
The system is validated using separate test datasets not seen during training. It is tested under varying conditions, such as changes in lighting, object

occlusions, and dynamic backgrounds, to evaluate itsreal-world applicability. Comparative analysis isperformed withexisting methodsto benchmark
performance.

Results and Discussion

This section presents the results obtained from the implementation of real-time object detection and tracking in video sequences using MATLAB and
computer vision techniques. The findings are analyzed using performance metrics, and the outcomes are discussed to provide meaningful insights.
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Tablel: Performance Metrics for Object Detection and Tracking Algorithms

Algorithm Precision (%0) Recall Frames Per MOTA (%) 1D

(%) Second (FPS)

Switches

YOLOv4 + | 925 89.4 38 85.6 12
DeepSORT
Faster R-CNN + | 90.2 87.1 18 823 24
SORT
YOLOv4 (Detection 9.1 90.5 40 — —
Only)
Faster R-CNN 913 88.6 20 — —
(Detection Only)

Interpretation
1. Precision and Recall

e YOLOV4 + DeepSORTachieved the highest precision (92.5%) and recall (89.4%) among the combined detection and tracking
models. This indicates its superior ability to correctly identify objects and minimize missed detections.

e  Faster R-CNN + SORT, while accurate, performed slightly lower in terms of precision (90.2%) and recall (87.1%), potentially
due to its slower region-based approach and higher sensitivity to occlusions.

2. Frames Per Second (FPS)

e  YOLOv4-based models demonstrated significantly better real-time performance, achieving 38 FPS when integrated with
DeepSORT and 40 FPS for detection only. This reinforces YOLOVA4's suitability for real-time applications.
e  FasterR-CNN, witha lowerFPSof18 fortrackingand20 fordetectiononly, is less ideal for scenarios requiring high-speed

processing, such as live surveillance or autonomous vehicles.

3. MOTA (Multiple Object Tracking Accuracy)

e The MOTA score for YOLOv4 + DeepSORT (85.6%) outperformed Faster R-CNN + SORT (82.3%), highlighting the
robustness of the YOLOv4-based pipeline in accurately tracking objects over time.

e The higher MOTA also correlates with fewer ID switches, as YOLOV4 + DeepSORT registered only 12 ID switches compared to
24 for Faster R-CNN + SORT.

4. 1D Switches

. IDswitches,acriticalissue intracking, wereminimizedwithYOLOv4+DeepSORTdue to its better handling of fast-moving objects
and occlusions. Faster R-CNN + SORT had twice as many ID switches, indicating potential challenges in tracking continuity.
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Visualization of Results
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Accuracy comparison

Figurel: Frame ComparisonBetweenYOLOv4 andFasterR-CNNDetection

e  Frames processed byYOLOv4 exhibited higher accuracy in detecting small and partially occluded objects. In contrast, Faster R-CNN
occasionally missed smaller objects or misclassified overlapping objects.

Tracking and Analyzing Performance Trends

Figure2:Tracking Performancein Dynamic Scenarios

e  Video sequences involving dynamic backgrounds and object occlusions showedYOLOv4 + DeepSORT maintaining consistent object
identity, whereas Faster R-CNN + SORT struggled in scenarios with abrupt object movements.

Discussion

The results clearly indicate that YOLOV4, integrated with DeepSORT, is the optimal choice for real-time object detection and tracking. Its superior
FPS, high precision and recall, and fewer 1D switches make it suitable for applications like traffic monitoring, autonomous navigation, and real-time
surveillance. The results align with previous studies, such as those by Bochkovskiy et al. (2020) and Zhao et al. (2019), which emphasize YOLO's
efficiency in real-time scenarios.

Challenges Identified:

e  Occlusion Handling: While YOLOv4 + DeepSORT performed well, occasional inaccuracies were observed in scenarios with heavy
occlusions or crowded scenes.

e  Lighting Variations: Both YOLOv4 and Faster R-CNN experienced reduced accuracy under low-light conditions, which suggests the need
for further enhancements such aspre-processing techniques or training on augmented datasets.

e  Complex Object Interactions: The models struggled with scenarios involving overlapping objects, leading to misclassifications or identity
switches.
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Recommendations for Improvement

Integration with Transformer Networks: Recent advancements in transformer-based object detection and tracking, such as those discussed by Xu
et al. (2023), could further improve performance, particularly in handling complex interactions and dynamic scenarios.

Dataset Expansion: Training on more diverse and challenging datasets, including synthetic data with extreme lighting or occlusions, could enhance
model robustness.

Hardware Optimization: Deploying the models on GPUs or specialized hardware accelerators can further boost real-time performance.

Conclusion

The study demonstrates that the combination of YOLOv4 and DeepSORT is effective for real- time object detection and tracking in video sequences.
While challenges such as occlusions and lighting variations remain, the results provide a strong foundation for future research and development in this
domain. Further optimizations and the adoption of emerging technologies can pave the way for even more robust and efficient systems.
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