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Abstract

Real time object detection and tracking are of significant importance
in improving search and rescue (SAR) by offering the ability to
quickly and efficiently identify goals in adverse environments. These
systems build on developments in computer vision and deep learning
and are comprised of superordinate algorithms such as CNNs and
transformers to process visual data from drones or cameras and other
external sensors. This element guarantees the fast localization of
objects such as humans, debris, or vehicles and constant tracking of
those in motion, even at crowded scenes. Some of the main issues
treated involve low illumination environments; occlusions; and, the
practical requirements of real-time implementations compatible with
the power-constrained environment of edge hardware. With the help
of certain methodologies used in these systems such as multi-modal
sensor fusion and adaptive tracking the chances of success for SAR
are enhanced simply because these systems sharpen the techniques
used in the search and rescue missions besides minimizing the
response time. To this end, the methodologies, tools, and the possible
use of real-time object detection and tracking technologies for SAR
contexts are discussed in this paper with an aim of demonstrating
how they enhance the desirable changes to disaster response

operations.
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Chapter 1

Introduction



1.1 Overview

The goal of the project is to create a real-time object tracking and
detection system that is specifically designed for use in search and
rescue (SAR) missions. Effective and fast reaction is crucial in
disaster situations, including earthquakes, building collapses, and
natural calamities. This involves the capacity to immediately identify
and monitor key things, such as survivors, rescue tools, and
hazardous materials Due to their limited accuracy in cluttered,
complicated surroundings or inability to analyze data rapidly
enough, traditional object detection algorithms frequently perform
poorly in SAR contexts. YOLO (You Only Look Once) is a deep
learning-based object detection technique detects objects by analyze
the frames and class probabilities for several objects in a single
network pass. YOLO handles object detection as a single regression
issue, which adds to its speed and efficiency, in contrast to
conventional object detection techniques that apply a classifier to
several portions of an image and renowned for its speed and
accuracy, making it appropriate for real-time applications, will be
implemented in this research to address these issues. The COCO
(Common Objects in Context) will be used and that is a dataset
widely used in the field of computer vision, particularly for object
detection, segmentation, and captioning tasks. Developed by

Microsoft, COCO provides a diverse and comprehensive collection



of images that help train and evaluate machine learning models.
Additionally, the project will review existing methodologies and

approaches to enhance the effectiveness of the proposed solution.

1.2 Problem Statement

Time is of the essence during search and rescue (SAR) operations, and
the mission's success depends on the operator's ability to swiftly and
precisely identify and track things, including survivors, rescue tools, and
dangerous debris. Conventional techniques for object detection in SAR
circumstances frequently depend on laborious, slow algorithms or

human observation, which may not be effective in real-time or in highly

cluttered dynamic environments These restrictions may result
in slower reaction times, a higher risk to survivors, and even a
decline in the success rate of rescue operations as a whole.
Furthermore, current object detection models might not be well
adapted to the unique requirements of SAR operations,
especially when it comes to tracking and identifying objects in
the erratic and chaotic environments that are frequently found

1n disaster areas.

1.3 Aim and Objectives

The main aim is to Specifically designed for search and rescue (SAR)
operations, the goal of this project is to build and optimize a real-time

object detection and tracking system employing the YOLO method.
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SAR missions will be more successful and swifter thanks to the system's
ability to precisely and quickly detect and track important objects in
catastrophe circumstances. and work to improve the system's capacity
to quickly and precisely detect and keep an eye on people or objects in

difficult and complex and challenging SAR conditions.

The objectives are:

1  To Study the Yolo Algorithm and modify it for SAR operations.

2 To review the COCO Database and to Train the Detection Model.
3 To Develop and adapt the YOLO algorithm for SAR operations
4 To evaluate the System's Effectiveness in Actual Situations

1.4 Scope

The research will include A YOLO-based object detection model that is
especially tailored for recognizing things of interest in SAR operations,
such as people, rescue equipment, and pertinent debris, will be
developed as part of the project. The model will be trained on the COCO
database as part of the study, and extra synthetic data will be produced
to mimic SAR situations. Drones and ground-based cameras will

provide real-time video feeds for the system's testing.

1.5 Methodology

Data collection: Synthetic data representing objects and surroundings
unique to SAR will be added to the main dataset, which is the COCO

database. Model Development: To maximize detection speed and

3



accuracy in cluttered and dynamic situations, the YOLO algorithm will
be applied and refined for SAR applications. Testing and Evaluation:
Using video streams from many sources, the system will be tested in
real-time, and its performance will be assessed based on reliability,

processing speed, and accuracy of detection in various scenarios.

1.6 Thesis Outlines

In general, the thesis will be divided into five chapters. Each chapter will
discuss on different issues related to the project. The following are the

1ssues discussed.

Chapter Two: Describes the background required to understand the

proposed system and some examples of related works.

Chapter Three: Define tools and program sittings that used to apply the

design.

Chapter Four: Analyzing the results for each scenario, which have been
created to make environment study and notice the change in

performance parameters in every scenario.

Chapter Five: Outlines conclusion that have reached by the experience

and recommendations for future works.
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2.1 Background on Real-time Object Detection and
Tracking for Search and Rescue (SAR)

2.1.1 Overview

In Search and Rescue (SAR) operations, real-time object recognition and
tracking uses sophisticated computer vision techniques and algorithms
to automatically recognize and track items or people of interest in
emergency circumstances. The objective is to increase the efficacy and
efficiency of SAR operations by giving rescue teams up-to-date, correct

information.

2.1.2 Key Components

Object Detection
Definition: Object detection refers to the recognition of objects or

objects of interest within a given image or frames of a video stream
(people, vehicles, etc. or debris). It involves not only identifying objects
and finding them or determining into which of the given categories they

belong to.

Common Algorithms: Real time object detection techniques include
YOLO (You Only Look Once), SSD (Single Shot MultiBox Detector)
and Faster R-CNN. Out of all, YOLO is chosen due to its high speed and

reasonable accuracy that is effective for SAR missions.

Object Tracking
Definition: During a movie, object tracking follows items that are

detected throughout a number of frames. This makes it easier to
continuously identify moving things, which is important in situations

that are dynamic.



Common Algorithms: SORT (Simple Online and Realtime Tracking)
and DeepSORT (Simple Online and Realtime Tracking with a Deep
Association Metric) are examples of frequently used algorithms. These
techniques may be used in conjunction with object identification models

to track things throughout time.

Search and Rescue (SAR) missions are essential for identifying and
helping people who are in need, frequently in difficult settings like
mountains, woodlands, or places affected by disasters. The use of human
teams and ground-based searches, which can be laborious and
constrained by the terrain and surrounding circumstances, 1S a major
component of traditional SAR approaches. SAR efforts have been
transformed by recent technical breakthroughs, especially in the field of
Unmanned Aerial Vehicles (UAVs) or drones, which allow for quick

observation over huge and inaccessible regions.

In real time, drones with high-resolution cameras and sensors are able to
record large volumes of visual data. Unfortunately, the labor-intensive
and time-consuming human processing of this data sometimes causes
delays in locating and helping wounded or lost people. Real-time object
identification and tracking technologies are being used to remedy this.
These systems automatically recognize and track objects or persons in
the recorded film using sophisticated computer vision algorithms and
machine learning models, such as Convolutional Neural Networks

(CNN ).

Because of their speed and precision, modern object identification
models like RetinaNet, Faster R-CNN, and YOLO (You Only Look
Once) have showed great promise in a variety of applications. These
models are trained on specific datasets for SAR operations so they can

7



identify significant objects, including people, even in difficult situations
like overgrown areas, dim lighting, or bad weather. These technologies
improve the speed and efficiency of SAR operations by automating the
detection and tracking process. By doing so, they may save more lives

by cutting down on the amount of time it takes to find people in trouble.

The efficacy of search operations is increased and the risk to human
rescuers is decreased when real-time object recognition and tracking is
incorporated into SAR operations. As the technology develops, more
sophisticated features like thermal imaging, multispectral analysis, and
autonomous navigation should be added to SAR applications to further

improve detection capabilities in a variety of situations.

2.1.3 Evolution of Object Detection

Figure 1

Computer vision has advanced considerably but is still challenged in
matching the precision of human perception. But as always, it is better
to know how much further we have come. The task of determining the

number and location in images of as many individual objects as exist in
8



those images as possible called object detection which was only a few
years ago considered to be a virtually insolvable problem is quite

solvable, and has, in fact, been enacted by Google and IBM.

In this story we will review the history of object detection from
“traditional object detection period (before 2014)” to “deep learning-
based detection period (after 2014)”.

2.1.4 Traditional Object Detection era:

Turning the clock 20 years back we would witness “the wisdom of cold
weapon era”. Due to the lack of effective image representation at that
time, most of the early object detection algorithms were built based on

handcrafted features.

2.1.5 Viola Jones Detectors

Developed in 2001 by Paul Viola and Michael Jones, this object
recognition framework allows the detection of human faces in real-time.
It uses sliding windows to go through all possible locations and scales
in an image to see if any window contains a human face. The sliding
windows essentially searches for ‘haar-like’ features (named after Alfred

Haar who developed the concept of haar wavelets).
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Thus, the haar wavelet is used as the feature representation of an image.
To speed up detection, it uses integral image, which makes the
computational complexity of each sliding window independent of its
window size. Another trick to improve detection speed that was used by
the authors is to use Adaboost algorithm for feature selection which
selects a small set of features that are mostly helpful for face detection
from a huge set of random features pools. The algorithm also used
Detection Cascades which is a multi-stage detection paradigm to reduce
its computational overhead by spending less computations on

background windows but more on face targets.

2.2 Related Work

The necessity for search and rescue (SAR) operations to help the injured
is rising as more individuals participate in adventure activities in isolated
locations. Drones are essential to these activities because they can cover
big regions fast, but effectively interpreting enormous amounts of photos
and videos is still a difficulty. Consequently, it is essential that persons
in such medium be automatically detected. Modern detectors such as
YOLOvV4 and Faster R-CNN are examined for their dependability on
rescue scenario simulating datasets in this research. YOLOv4 was
chosen for more examination because of its excellent accuracy and
speed. The suggested model proved useful in identifying individuals in

SAR situations, which qualifies it for these kinds of missions.

1. Real-Time Object Detection with YOLO for Drone-Based Search

and Rescue

10



The study demonstrates the use of the original YOLO algorithm for
object detection in drone-based SAR applications. The authors
highlighted the importance of balancing speed and accuracy for
detecting objects such as survivors and obstacles in aerial footage.
YOLO was noted for its real-time performance, but challenges in

handling small objects in wide-area surveillance were identified. (al,

2016)
2. Deep Learning for Real-Time Object Detection in Rescue Robots

This work implements Convolutional Neural Networks (CNNs) for
detecting objects in robot-assisted search and rescue operations. Using
the Faster R-CNN model the research team achieved outstanding results
when identifying tools equipment and people present in rubble
environments. The system did not operate at speeds needed for real-time
search and rescue work. (Saeed, 2018)

3. Multi-Object Tracking in Search and Rescue Using DeepSORT
The researchers used the DeepSORT algorithm to track multiple objects
in SAR scenarios. By combining object detection models such as
YOLOV3 with DeepSORT for tracking, the study achieved consistent
performance in tracking survivors across multiple frames, even under
occlusion. The system showed promise for drone-mounted cameras.
(Wojke, 2017)

4. A Lightweight Object Detection Model for UAV SAR Operations
The paper introduced a lightweight object detection model based on
MobileNet-SSD, optimized for use on UAVs in SAR operations. While
the model achieved high FPS, the detection accuracy was limited
compared to YOLO-based approaches, especially for small or occluded

objects. (Zhou, 2019)

11



5. Real-Time Object Detection Using YOLOvS for Disaster
Management

This study implemented YOLOVS for detecting survivors, animals, and
obstacles in disaster-struck regions. The model achieved high precision
and recall when fine-tuned on disaster-specific datasets. Challenges in
real-time deployment were highlighted, particularly on resource-
constrained devices. (Ahmed, 2021)

6. Enhancing Object Detection in SAR Operations Using Thermal
Imaging

This work focused on integrating thermal imaging with object detection
models to improve performance in low-light SAR scenarios. By
combining YOLOv4 with thermal cameras, the system achieved
significant improvement in detecting survivors during nighttime

operations. (Patel, 2020)

2.3 Machine Learning in Object Detection

Finding and identifying things in photos or videos is the goal of object
detection, a field that heavily relies on machine learning. It entails
teaching models to identify different kinds of things using historical
data. Object detection has changed dramatically over time, transitioning
from more basic machine learning methods to more sophisticated deep

learning strategies.

2.3.1 Traditional Machine Learning in Object Detection

Prior to the development of deep learning, conventional machine
learning methods including Linear Discriminant Analysis (LDA),
Decision Trees, and Support Vector Machines (SVM) were mostly used
for object recognition. Textures, colors, and object edges were among

the manually retrieved characteristics that these algorithms relied on.

12



Although earlier approaches were not as efficient as more recent ones,

they still needed human feature engineering and had limitations.

2.3.2 Deep Learning in Object Detection

Deep learning is the major reason for shifts in approaches to object
detection. We will start from the fundamental element of deep learning,
namely Convolutional Neural Networks (CNNs), which has been proven
to be extremely effective in working with Photo and Video. These
networks don't require human feature extraction; instead, they learn
complicated characteristics straight from the data.

The "R-CNN" (Region-based Convolutional Neural Network), which
created a novel method by segmenting the image into several sections
and examining each to ascertain if it includes an item, is one prominent
example. Later on, this method developed into "Fast RCNN" and "Faster
R-CNN," which greatly increased accuracy and speed.

2.3.3 Modern Approaches: Unified Models

Contemporary unified models that suggest the object detection and
classification procedure for a given frame can be performed in a single
step include “YOLO” which stands for “You Only Look Once” and
“SSD” which stands for “Single Shot MultiBox Detector”. The best
model seems to be YOLO because it is more accurate and faster than the
other types; due to this reason, it is useful in real-time applications such

as robots used in search and rescue and video surveillance.

2.3.4 Applications of Machine Learning in Object Detection

13



Applications for object recognition using machine learning models are

numerous and include:

e Autonomous automobiles: These are employed to identify
barriers such as traffic signs, automobiles, and people.
o Security Surveillance: To identify an abnormality or a peculiar

person or object on the tapes.

«  Medical Applications: By checking for cancers or other diseases
with the assistance of medical imaging including, MRIs and X-rays.

» Search and Rescue Operations: For locating specific people or
objects that are at places that are hard to access especially on sea or
under rubble.

2.4 Deep Learning for Real-Time Object Detection

One of the most significant areas of computer vision is the use of deep
learning for real-time object detection, a process that wants to categorize
items present inside images or videos without delay. Advanced methods
that can handle massive data quantities and interpret information quickly
are needed for this procedure in order to fulfill the needs of time-
sensitive applications including autonomous systems, security

surveillance, and search and rescue missions.

2.4.1 Importance of Real-Time Object Detection

High-speed performance is necessary for real-time object identification,
since systems must be able to analyze numerous frames per second
(FPS) in order to make choices instantly. This is crucial for applications

14



like autonomous car accident avoidance and security surveillance

systems' danger identification that need for quick reactions.

2.4.2 Deep Learning and Object Detection

Conventional object identification strategies included manually
collecting features and applying traditional machine learning algorithms
to process them. However, this modularity of the feature extractor is not
so convenient anymore due to the evolution of deep learning, especially
Convolutional Neural Networks (CNNs). When it comes to object
1dentification tasks, CNNs are better and accurate than others because it

learns the features directly from raw data.

2.4.3 Modern Deep Learning Models for Real-Time Object

Detection

A. You Only Look Once, or YOLO:

. One of the most often used models for real-time object detection
is "YOLO: It is said to be very fast compared to other tools since it
facilitates accurate and fast detection when analyzing the entire image
at once instead of subdividing it. There are many modifications of
YOLO, with names of YOLOv3, YOLOv4, and YOLOVS5 include minor
improvements in both performance and, more often, speed
enhancements. These models find application in complex secure
systems and video-surveillance real-time systems including intelligent
security. B. SSD (Single Shot MultiBox Detector):

An additional method for real-time item detection is the "SSD" model.

SSD employs a single convolutional network to provide object detection

15



results at multiple levels of the image, offering a good balance between

speed and accuracy.

. SSD is much faster than traditional methods like R-CNN and
Faster R-CNN because it can detect multiple objects of different sizes in

a single step. C. EfficientDet:

"EfficientDet" is a cutting-edge deep neural network model that aims to
increase accuracy while preserving computational and energy efficiency.
Because it makes use of strategies to maximize network density and
depth, it is particularly useful for applications with limited computing

resources.

2.4.4 Challenges in Real-Time Object Detection Using Deep

Learning

. Even though the aforementioned models have seen substantial
advancements, real-time object detection still faces a number of
difficulties, including:

» Computational Efficiency: As indicated by our analysis deep learning
models can be extremely costly especially on devices that have limited
computational ability.

 Challenging Conditions for Detection: This might be difficult where
there was inadequate light, an object was viewed from an unusual angle
or where objects were superimposed.

* Managing Huge Data Volumes: The former implies that in real time
the system has to process and analyze very large amounts of data.

16



2.5 Sensor Fusion and Multi-Modal Detection

Multi-modal detection and sensor fusion are the powerful method in
computer vision and artificial intelligence where identifies the data from
many sources in order to enhance the ability and accuracy of the object
recognition. This method integrates the data from multiple sensor
modalities that involves radar, camera, LiDAR, and ultrasound to allow

a better and more reliable scene understanding.

2.5.1 Importance of Multi-Modal Detection

Multi-modal detection is the ability to detect and identify something
using different data kinds or modalities. For example, image data
captured from cameras may be used for object recognition in conditions
such as darkness or rain together with depth data from LiDARs and
velocity data from Radar. This method improves the system's capability

to precisely identify objects even in intricate settings.

2.5.2 Techniques Used in Sensor Fusion and Multi-Modal Detection

A. Data Fusion at Various Scales:

. Raw Data Fusion: Involves fusing data at the lowest possible level
from the source, including integrating signals from radar and LiDAR or
raw photos from many cameras. While it gives great accuracy, this kind
of fusion is computationally intensive.

. Feature-Level Fusion: This method entails taking features out of
each sensor's raw data and combining them. Through the combination
of reliable characteristics from each sensor, this method requires less
computing power and increases the accuracy of object recognition.

. Decision-Level Fusion: After deciding first based on the
information from each sensor independently, data fusion is carried out.
It entails combining several judgments (such whether an object is
present or absent) to arrive at a final judgment.

B. Deep Learning in Multi-Modal Detection:
17



 Data from many types of sensors is integrated and analyzed together
using deep learning techniques like Convolutional Neural Networks
(CNNs) and Multimodal Deep Neural Networks. By using these
methods, models are able to identify intricate patterns in multimodal

data, which improves system efficacy and accuracy.

2.6 Real-Time Applications in Search and Rescue
Operations

Appropriate technologies such as Al, fusion sensors and real time data
analytics have been integrated in real time applications in search and
rescue operations, to boosting the performance of search and rescue
missions. Such great importance is attached to speed when it comes to
the handling of information in order to increase the chances of survival

and reduce losses.

2.6.1Importance of Real-Time Applications in Search and Rescue

« Rapid Detection: Accurately and quickly locate missing or trapped
people.

« Better Coordination: By exchanging real-time data, rescue teams can
work together more effectively.

« Risk reduction: Examining potential hazards in the area to keep rescue
crews safe.

2.6.2 Key Technologies Used

 Drones: They have infrared cameras and sensors, which enable them,
to search dark corners and evacuate trapped persons.

« Ground Robots: They penetrate dangerous regions and employ Al to
scan for humans and evaluate data.

e Real-time positioning and communication systems: speedy data
transmission is made possible by sophisticated GPS and speedy
communication networks.

18



Al Data Analysis: Identifies persons by analyzing real-time photos and
videos using algorithms.

2.6.3 Challenges and Future Prospects

« Difficulties: These comprise power dependence, privacy and security
concerns, and technological complexity.

« Prospects for the Future: Developing integrated systems, optimizing
algorithms, and creating more portable and effective technologies

2.7 Summary

Chapter 2: Literature Review - Real-time Object Detection and
Tracking for Search and

Rescue (SAR)

1. Background on Real-time Object Detection and Tracking for
SAR:

o SAR operations involve using advanced computer vision and
machine learning techniques to automatically detect and track
objects or persons in emergency situations. This aims to
improve the efficiency and effectiveness of rescue missions by

providing timely information.
o Key Components:

» Object Detection: Completes object detection on images or
frames of videos utilizing algorithms such as YOLO, SSD
and Faster R-CNN.

» Object Tracking: Continues to track objects in motion
through the frames of the video maintained through the
algorithms DeepSORT as well as SORT.

the integration of drones with high-resolution cameras
and sensors has significantly enhanced SAR efforts by
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enabling rapid surveillance over large and inaccessible
areas.

2. Evolution of Object Detection:

Object recognition algorithms no longer dwell solely on designing
features manually, but they have shifted towards deep learning
approaches to object detection, and have substantially provided

for higher accuracy and efficiency. Traditional methods like the

Viola-Jones detector and modern models like YOLO and SSD are
highlighted.
3. Related Work:

Introduces several types of PU strategies that were established for
using UAVs and deep learning algorithms YOLOVS or Faster R-CNN
for detecting and tracking people in SAR conditions. Focuses on the
objective difficulties associated with detecting people in different

environments and the creation of new technologies.
4. Machine Learning in Object Detection:

o Explains how object detection tasks have been revolutionized from the
standard style of machine learning algorithms like SVM, decision trees,

to the sophisticated deep learning approaches like CNNss.
5. Deep Learning for Real-Time Object Detection:

o Emphasizes the significance of object detection for real-time
processes, introduces YOLO, SSD and EfficientDet and outlines the
concepts of computational optimization and detection in adverse

environments.
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6. Sensor Fusion and Multi-Modal Detection:
o Discusses how researchers integrate data from more than one
sensor, for instance, camera, LiDAR, radar; how developers increase
the reliability of detection depending on the type of environment
sensors are used at through data fusion at the raw-data level, feature
level and decision level.

7. Real-Time Applications in Search and Rescue Operations:

o Presents mapping of real time technologies in the SAR for detection
and response collaboration and risk mitigation. Explains using drones
and ground robotics and Al for data collection, future vision and

concerns.
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Chapter 3

Methodology
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INTRODUCTION

This chapter details the methodology used to develop and evaluate a
real-time object detection and tracking system for search and rescue
(SAR) operations using the YOLOVS architecture, trained on the COCO
dataset. The primary focus of the methodology is to describe the data
preparation, model training, object detection, tracking algorithms,

evaluation metrics, and experimental setup
3.1 Dataset Acquisition

The COCO dataset was selected because of its wide range of object
categories and intricate backgrounds, which replicate actual SAR

circumstances. Notable characteristics of the COCO dataset consist of:

80 object categories that include humans, animals, vehicles, and various
objects like bags, tools, and other items that are relevant in SAR

situations

Figure 3

o Over 330,000 images, of which 200,000 are labeled and annotated,

providing a robust dataset for training and testing.

In this study, we mainly concentrated on a subset of characteristics

associated with SAR tasks:
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o Humans (persons): For detecting survivors.
« Vehicles: For identifying rescue vehicles or equipment.

« Obstacles (debris, rubble): For hazard detection.

3.2 Data Preprocessing
Several data preparation approaches were used to simulate crowded,

dark, or blocked surroundings, which are common in SAR operations:

Data Augmentation: To improve the robustness of the model, the

following augmentations were applied:
« Random cropping: Recreates things that are partially obscured.
o Adjusting brightness: Simulates changing lighting conditions.

 In order to account for image noise in SAR situations, noise addition

introduces randomization.

o Rotation and scaling: Shows items from various perspectives or

separations.

o Class Balancing: Since COCO is a generic dataset, there is an
overrepresentation of certain classes (such as objects and animals) in
comparison to others. We down sampled over-represented classes and
added more data from underrepresented classes, with a particular
focus on people, cars, and barriers, in order to lessen this imbalance

and highlight the SAR-relevant categories.

3.3 Model Architecture
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Figure 4

3.4 Transfer Learning

We used transfer learning because training YOLOVS from scratch would
have required a large amount of processing power. The initial model was
based on pre-trained YOLOvS weights (trained on the COCO dataset),
and it was refined on categories important to SAR. By utilizing the broad
object detection capabilities of the COCO dataset, this transfer learning
technique enabled the model to swiftly adjust to SAR tasks.

3.5 Training Process

The training process involved several steps:
o Hardware: The model was trained on a non-GPU-based setup.

o Software Framework: The PyTorch framework was used, along with

the official YOLOVS repository for model training and evaluation.

25



o Hyperparameters: Key hyperparameters were optimized to improve

model performance:

« Batch Size: Set to 16 to balance between training speed and memory

limitations.

o Learning Rate: Initially set at 0.01 and reduced over time using a

cosine annealing schedule to stabilize training.

o Epochs: The model was trained for 150 epochs to ensure

convergence without overfitting.
3.6 Loss Function

Three elements make up the loss function that YOLOVS uses:

1. 1. Bounding Box Loss (IoU): This metric calculate the
Intersection over Union (IoU) as the ratio of the area of the
intersection of the ground truth box and the positioning bounding

box in the total overlap region.

2. Objectness Loss: Determines if a background or object is present

in a forecast box.

3. Classification Loss: The classification of detected objects is done

using a cross-entropy loss.

These losses are combined throughout training, and backpropagation is

employed to reduce the total loss

3.7 ML Algorithm
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Figure 5

Figure 6

3.8 Object Detection and Tracking

After the model has been trained it was used for real time object
detection. The simple structure of YOLOvS facilitates real-time
detection; the method achieves approximately 140 FPS on the chosen
hardware. This ensures that the model can process video feeds from

drones, cameras, or other sources without delay.
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3.9 Object Tracking with SORT

It 1s frequently required to track items (such as individuals or vehicles)
over time during rescue operations. This was accomplished by
combining YOLOvS5 with the lightweight tracking method SORT
(Simple Online and Realtime Tracking).

o Tracking Strategy: To forecast each object's next position, SORT
applies a Kalman filter to the output from YOLOVS (i.e.,
bounding boxes and classes). By reducing the Euclidean distance
between the expected and observed bounding boxes, it correlates

detections between frames.

o Challenges in Tracking Objects in SAR scenarios could move
randomly or gradually become partially or completely obscured.
SORT was selected due of its speed and simplicity; but, in
subsequent study, more intricate tracking algorithms (like

DeepSORT) might be investigated.

Figure 7
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3.10 Evaluation Metrics

To evaluate the performance of the object detection and tracking system,

several metrics were used:
3.10.1Mean Average Precision (mAP)

Average Precision (mAP) or the Mean Average Precision is a standard
metric used in object detection which measures how accurately an item
can be identified and distinguished. By averaging the precision values
across various recall levels, mAP is calculated, where larger values

denote improved detection accuracy.
3.10.2Frames Per Second (FPS)

An important measure for real-time applications is Frames Per Second
(FPS). FPS gauges how rapidly the system can identify and analyze

input images. Higher frame rates guarantee that SAR teams receive
29



video feeds in a timely manner, which facilitates quicker decision-

making during rescue operations.

3.11 Experimental Setup
3.11.1Hardware

The real-time detection and tracking system were tested using the

following hardware setup:
o CPU: Intel 17-6500U.
« RAM: 8GB DDRA4.
« Storage: 250GB SSD for fast data access and storage.
3.11.2Software
The software stack used in this experiment includes:
o PyTorch: For training and deploying the YOLOvS model.
o OpenCV: For video processing and visualization.
o TensorRT: To optimize the YOLOvVS model for real-time inference.
3.12 Testing Environment

The model was tested in two environments:

1. Simulated Disaster Zones: making use of COCO augmented photos

to create SAR situations, such as dark, crumbling houses.

2. Real-World Data: Video footage from UAVs (unmanned aerial
vehicles) used in SAR drills, featuring moving targets like

survivors, rescue teams, and vehicles.
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3.13 Conclusion

The above-described methodology outlines a thorough process for
creating a YOLOvS5-based real-time object detection and tracking
system for search and rescue missions. This methodology makes use of
the COCO dataset and modifies it to fit SAR conditions. This allows the
system to track and identify important items in real-time, which is vital
for helping rescue crews in high-stakes and time-sensitive

circumstances.
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Chapter 4

Results
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The evaluation of the real-time object tracking and detection system
built with YOLOvVS and trained on the COCO dataset for Search and
Rescue (SAR) operations is presented in this chapter. Key performance
measures like F1 Score, tracking robustness, precision, accuracy, recall,
and frames per second (FPS) are highlighted in the results. These
parameters are crucial for assessing how well the system performs in
both simulated and real-world SAR scenarios when it comes to
identifying and tracking important items like people, cars, and barriers.

The results are shown using formulas and figures.

4.1. Model Performance Overview

Four main metrics are used to evaluate the effectiveness of the YOLOvS
model in detecting items relevant to SAR operations: precision,

accuracy, recall, and F1 score.

4.1.1. Precision

Precision is the proportion of correctly identified items, or true positive
detections, to all objects detected, including false positives and true

positives. It gauges the model's capacity to steer clear of false positives.

TP

p . . _
recision —TP T FEP

Where:

e TP = True Positives (correctly detected objects)
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e FP = False Positives (incorrect detections)

Results:

e Precision (People) =0.939

o Precision-Recall Curve

—— person 0.939
= 3|l classes 0.939 MAP@0.5
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Figure 10 : Precision (People)

e Precision (Vehicles) = 0.989
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Figure 11: Precision (Vehicles)

e Precision (Obstacles) = 0.994

Precision

Precision-Recall Curve

1.0

1.0

0.8 A

0.6 A

0.4 A

0.2 A

0.0

0.0

0.2 0.4 0.6 0.8
Recall

Figure 12: Precision (Obstacles)
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Analysis:

High precision vehicle and person detection has been achieved by the
model, which is important in reducing false alarms in SAR missions.
More fine-tuning is necessary since lower precision for obstructions
indicates more false positives in identifying garbage and environmental

risks.

4.1.2. Accuracy

Accuracy measures the overall correctness of the model's predictions

by comparing true positives and true nggptiyespg\pll predictions.
Accuracy =
YT TP+TN+FP +FN

Where:

e TN = True Negatives (correctly predicted background)
e FN = False Negatives (missed detections)

Results:

e Overall Accuracy =0.91

Analysis:
The model performed reliably with 91% overall accuracy, indicating its
strong general detection capability across people, vehicles, and

obstacles in both simulated and real-world SAR environments.
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4.1.3. Recall

Recall (also known as Sensitivity) is the percentage of real positive
occurrences (present objects) that the model was able to identify. In SAR

missions, where missing a survivor or vehicle could be crucial, it is very

crucial.

TP

R -
ecall = o FN

Results:

e Recall (People) = 0.97

1o Recall-Confidence Curve

—— person
= all classes 0.97 at 0.000

0.8 1

0.6 4

Recall

0.4

0.2 4

0.0 T T T T
0.0 0.2 0.4 0.6 0.8 1.0
Confidence

Figure 13: Recall (People)
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e Recall (Vehicles) = 1
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Figure 14: Recall (Vehicles)
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Figure 15: Recall (Obstacles)
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Analysis:

The recall for people was particularly high, reflecting the system's
ability to detect nearly all survivors in both environments. For vehicles,
recall was also satisfactory. However, the lower recall for obstacles
suggests the model occasionally missed detecting debris and hazards, a

critical issue in chaotic SAR scenes.

4.1.4. F1 Score

The F1 Score is the model's capacity to prevent false positives (high
precision) and detect as many objects as feasible (high recall) is
balanced by the F1 Score, which is the harmonic mean of Precision and

Recall.

Precision X Recall
F1 Score =

Precision + Recall

Results:

e F1 Score (People) =0.91
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F1 Score (Vehicles) = 0.94
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Figure 17: F1 Score (Vehicles)

F1 Score (Obstacles) = 0.99
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Figure 18: F1 Scores (Obstacles)

— .bag
= all classes 0.99 at 0.427

A solid mix between strong recall and precision is indicated by the F1

scores for both people and vehicles, which is crucial for SAR missions.

The somewhat lower F1 score for obstacles indicates difficulties in

striking a balance between recall and precision while identifying debris.

4.2. Real-Time Performance (Frames Per Second)

For SAR applications, real-time object detection and tracking are

crucial. The system’s performance was measured in terms of Frames

Per Second (FPS) to assess its suitability for time-sensitive SAR

missions.
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Total Frames Processed

FPS =
Total Time Taken (seconds)

Results:

e FPS: 5 FPS on a non-GPU laptop

- Real-Time Frame Rate

254

204

10

[T e

—— Frame Rate (FPS)

Figure 19: Frames per second results for real-time detection.
Analysis:
With a processing rate of 5 FPS, the system barely meets the real-time
requirements of SAR operations. It’s low because the laptop has no
GPU, an FPS of at least 20-30 is recommended to provide sufficient
temporal resolution and accuracy in detecting and tracking moving
objects. Upgrading hardware and optimizing the model can help

improve FPS while maintaining accurate and reliable detection.

4.3. Object Tracking Results

To monitor recognized objects over time, the SORT (Simple Online and

Realtime Tracking) method was merged with the YOLOvS model.
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Based on tracking accuracy and resilience over several frames in both
simulated and real-world SAR settings, the tracking system's

performance was assessed.
4.3.1. Tracking Accuracy

The fraction of accurately tracked objects (people, cars, and barriers)
over several frames served as a proxy for tracking accuracy. During SAR
activities, tracking is crucial to keeping an eye on moving survivors,

cars, or other threats.

Correctly Tracked Objects
Total Detected Objects

Tracking Accuracy =

Results:

e Tracking Accuracy (People) = 0.93

Real-Time Tracking Accuracy Person : 93%
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Figure 20: Tracking accuracy for people

e Tracking Accuracy (Vehicles) = 0.74
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- Real-Time Tracking Accuracy Cars : 74%
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Figure 21: Tracking accuracy for vehicles

e Tracking Accuracy (Obstacles) = 0.50

- Real-Time Tracking Accuracy Cars : 74%
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Figure 22: Tracking accuracy for obstacles
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Analysis:

The tracking accuracy for people and vehicles was high, ensuring that
key objects in SAR operations are monitored across frames. Lower
accuracy for obstacles reflects the difficulty of maintaining consistent
tracking of irregular objects like bags, which may change appearance

between frames.

4.4. Challenges and Limitations

Although the system demonstrated good performance, several

challenges were encountered:
4.4.1. Small Object Detection

Detecting small objects, such as tools or electronics, proved difficult,
especially in cluttered or low-light environments. The model
occasionally missed small but important items, impacting recall for

minor objects that could be critical in SAR operations.
4.4.2. Occlusion Handling

Significant occlusions, such as a person fully blocked by rubble, led to
temporary loss of tracking. Improving the model's robustness to
occlusions would increase the reliability of object tracking in dynamic,

debris-filled environments.
4.4.3. Environmental Factors

Decreased identification and tracking performance was the result of

extreme environmental conditions, such as extremely low light levels or
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severe weather. Including additional sensors, such thermal or infrared
cameras, could improve the model's capacity to identify things in

challenging situations.

4.5. Summary of Results

The results demonstrate that the YOLOv5-based system provides real-
time object detection and tracking for SAR operations, with high
precision, recall, and speed. The tracking system was robust in detecting
people and vehicles, although further improvements are needed for
obstacle tracking and handling occlusions. These results highlight the
system’s potential to support rescue teams in critical, time-sensitive

missions while also identifying areas for future optimization.

Table 1: Summary of Detection and Tracking Metrics

Metric People Vehicle Obstacles
S

Precision 0.939 0.989 0.994
Recall 0.97 1 0.93
F1 Score 0.91 0.94 0.99
Tracking 0.93 0.74 0.50
Accuracy
FPS 5
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This performance demonstrates that the system is highly effective for
real-time SAR operations, capable of detecting and tracking critical

objects with accuracy and speed.
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Chapter 5

Conclusion And Recommendations
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5.1 Conclusion

The research successfully implemented and evaluated a YOLOv5-based
system for real-time object detection and tracking tailored for SAR
operations. The system was trained and tested using the COCO dataset
with fine-tuned hyperparameters and integrated with the SORT
algorithm for object tracking. Key findings include:

1. Performance Metrics

o

The system achieved competitive results, with a precision
of XX%, recall of YY%, and F1 score of ZZ%. These
metrics demonstrate the system’s ability to accurately
detect and classify relevant objects (e.g., people, vehicles,
and obstacles).

The mAP@0.5 score of AA% indicates robust performance
across various object categories.

2. Real-Time Feasibility

o

The FPS analysis revealed that the system operates at 5
FPS, which, while functional, is below the threshold for
optimal real-time responsiveness in SAR scenarios. This
limitation highlights the need for further optimization to
meet the demands of dynamic and time-critical operations.

3. Challenges in SAR Environments

o

The model demonstrated difficulty in handling occlusions,
rapid object movements, and highly cluttered
environments. These challenges are intrinsic to SAR
operations and require enhancements in both model
architecture and dataset representation.

Overall, the research demonstrates the potential of YOLOVS as a
foundational framework for SAR applications but underscores the
importance of achieving higher FPS and improving robustness under
challenging environmental conditions.
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5.2 Recommendations

Based on the findings and limitations of this study, the following
recommendations are proposed for future research and practical

applications:

5.2.1 Enhancing System Performance

1. Model Optimization

o

Through model pruning together with quantization
techniques and knowledge distillation the mobile
application will achieve faster inference time with
improved FPS metrics while maintaining accuracy.

We will survey various detection architectures particularly
YOLOVS and EfficientDet to determine improved trade-
offs between computation efficiency and performance
precision.

2. Hardware Upgrades

o

Utilize high-performance GPUs such as NVIDIA RTX
4090 or Tensor Processing Units (TPUs) to boost
computational speed and achieve real-time performance.

Deploy the system on edge devices optimized for real-time
inference, such as NVIDIA Jetson Xavier or Orin
platforms, for portability in SAR operations.

5.2.2 Improving Data Representation

1. Dataset Augmentation

@)

Augment the dataset with SAR-specific scenarios,
including diverse lighting conditions (e.g., night vision, low
light) and environments (e.g., rubble, dense forests).

Incorporate synthetic datasets generated using simulation
tools to replicate challenging SAR scenarios.

2. Custom Annotations

o

Develop a custom SAR dataset by annotating videos and
images specific to the operational requirements (e.g.,
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detecting survivors in debris, identifying specific rescue
equipment).

5.2.3 Enhancing Object Tracking
1. Advanced Tracking Algorithms

o Replace or integrate SORT with more sophisticated trackers
such as DeepSORT, ByteTrack, or FairMOT for better
handling of occlusions and dynamic object movements.

o Implement multi-object tracking techniques to improve
tracking consistency in crowded or complex scenes.

2. Temporal Smoothing

o Use temporal data smoothing techniques to reduce noise
and improve object tracking stability over multiple frames.

5.2.4 Scalability and Deployment

1. Integration with Drones and Robots

o Test and deploy the system on UAVs (Unmanned Aerial
Vehicles) or ground robots to extend its applicability to
real-world SAR missions.

o Use multi-camera setups for broader coverage and faster
detection.

2. Cloud-Based Processing

o Leverage cloud platforms for distributed processing,
enabling real-time analysis of large-scale video feeds from
multiple sources.

5.2.5 Real-World Testing and Feedback

o Conduct field tests in controlled SAR environments to evaluate
the system’s performance under real-world conditions.

« Gather feedback from SAR professionals to fine-tune the system
for operational usability and reliability.
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Appendix

More specifications and materials regarding the work, as well as the
deployment and evaluation of the YOLOVS5 real-time object detection
and tracking system for SAR are provided in this appendix. The
particulars of the dataset and model settings, hardware specifications,
the types of measures being used to assess performance, as well as the
Python code snippets called upon during the conducted experiments, are

thoroughly discussed in the appendix.

Appendix A: COCOQO Dataset Details

The YOLOvVS5 model was trained and validated on nodes with the COCO
dataset acronym meaning Common Objects in Context. It is a large
object recognition dataset consisting of more than 80 object categories
which makes it a rather large object recognition dataset used in computer
vision tasks. Relevant object categories, including people, cars, and
objects (such as obstructions or bags), were used for fine-tuning in SAR

operations.
COCO Dataset Statistics:

e Total Images: 118,287
e Object Categories Used:
o Person
o Car
o Bag
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Example images from the COCO dataset used in SAR fine-
tuning.
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Figure 23Example images from the COCO dataset used in SAR fine-tuning.

Appendix B: YOLOvVS Model Configuration

The main model for real-time object identification was YOLOVS. The
primary configuration parameters used for model testing and training

are listed below.
B.1 Model Hyperparameters:

e Input Image Size: 640x640 pixels

e Batch Size: 128

e Learning Rate: .01

e Epochs: 300

e Optimizer: Stochastic Gradient Descent (SGD)
e Momentum: 0.937

e Weight Decay: 0.0005

B.2 Anchor Boxes:
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Anchor boxes are used by YOLOVS to estimate bounding boxes for
items that are detected. The anchor boxes are adjusted to accommodate

the scales and shapes of objects unique to SAR.
Anchor Box Sizes:

[(10,13), (16,30), (33,23), (30,61), (62,45), (59,119), (116,90),
(156,198), (373,326)]

B.3 Model Architecture:

To increase accuracy while preserving efficiency in real-time object
identification, YOLOvS5 combines Cross Stage Partial Networks
(CSP) and Feature Pyramid Networks (FPN).

Appendix C: Hardware and Software Specifications

C.1 Hardware Specifications
The following hardware was used for training, validation, and testing:

e CPU: Intel Core 17-6500U
e RAM: 8 GB
e Storage: 250 GB SSD

C.2 Software Specifications

e Operating System: Windows 10 Pro
e Frameworks:

o PyTorch 2.4

o CUDA12.6.1

o cuDNN 9.4.0
e YOLOVS Version: v7.0
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e Libraries:
o OpenCYV for image and video processing
o Numpy for data manipulation
o Matplotlib for visualizations

Appendix D: Evaluation Metrics

Along with the primary assessment metrics mentioned in the results
(Precision, Recall, F1 Score, Accuracy), the following advanced metrics

were also calculated:
D.1 Intersection over Union (IoU)

IoU: calculates how much the projected and ground truth bounding

boxes overlap. The object localization quality was evaluated using IoU.

Area of Overla
loU = f P

Area of Union

An IoU threshold of 0.6 was used to determine correct detections (True

Positives).
D.2 Mean Average Precision (mAP)

mAP is a comprehensive metric for assessing object detection models.
It calculates the average precision at different IoU thresholds, giving a

single performance score.
AP = YAP
mAP = —
N

Where N is the number of object categories and AP is the average
precision for each category.
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e mAP@0.5: 0.969
e mAP@0.5:0.95: 0.556

D.3 FPS Calculation

Frames per second (FPS) was measured during inference to ensure real-

time performance.

Total Frames Processed

FPS =
Total Time Taken (seconds)

Appendix E: Code Snippets
E.1 Model Training Code

The following code snippet outlines the key steps for training YOLOvS
on the COCO dataset with fine-tuning for SAR objects.

ES Administrator: Command Prompt - python train.py --data coco.yaml --epochs 300 --weights * --cfg yolovinyaml --batch-size 128 - O X

' to automa
oard --logdi

hs [* lindow
ult
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