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Abstract

In the wake of natural disasters, timely and precise identication of individuals in need is
critical to saving lives and optimizing rescue operations. This project presents a real-time
person tracking system designed for deployment on unmanned aerial vehicles (UAVs),
specically tailored for use in challenging disaster environments such as oods, earth-
quakes, and landslides. Leveraging the capabilities of the YOLOv8 object detection
architecture and optical ow-based motion tracking, our system is capable of detecting,
identifying, and continuously tracking individuals from aerial video feeds captured by
drone-mounted cameras.

To ensure robust performance under adverse visual conditions, such as low light, oc-
clusions, or debris, the detection model is ne-tuned on disaster-specic datasets, includ-
ing custom datasets. The system incorporates a lightweight, onboard inference pipeline
optimized for edge devices. An integrated payload drop mechanism can further enable au-
tomated delivery of essential supplies such as medical kits and food packages to detected
victims, minimizing the need for human intervention in hazardous terrain.
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ABBREVIATIONS

• UAV: Unmanned Aerial Vehicle

• YOLO: You Only Look Once

• SORT: Simple Online and Realtime Tracking

• DeepSORT: Deep Learning-based SORT

• StrongSORT: Strong Sort with a deep association model

• SOTA: State Of The Art

• UOD: Underwater Object Detection

• SSD: Single Shot Detector

• SAR: Search and Rescue

• mAP: mean Average Precision

• FPS: Frames Per Second

• IoU: Intersection Over Union

• CNN: Convolutional Neural Network
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Chapter 1 Introduction

1.1 Motivation

After visualizing the Vijayawada Flood scenario I analysed a few

points like:

1.1.1 Real-Time Detection and Tracking are Crucial

In a disaster, every second counts. Real-time detection systems

allow authorities to monitor the situation as it unfolds, ensuring

quicker responses. Whether it’s spotting rising water levels or

tracking people in danger, these systems help rescue teams act

swiftly and eectively. They ensure that resources are directed

to the areas where they’re needed the most, reducing delays that

could cost lives.

1.1.2 Quick Identication of People can Save Lives

Finding stranded or trapped individuals during a disaster is a huge

challenge. Real-time detection systems, such as drones or cameras

with AI, can quickly locate people in aected areas, even in tough

conditions. This speeds up rescue eorts and helps deliver food,

water, and medical aid to those in urgent need. It ensures no one is

left behind, giving survivors hope and a better chance of survival.

1.1.3 Less Reliance on Manual Eorts

Traditional surveillance methods often put rescue workers in harm’s

way and take a lot of time. Automated systems, like drones or

smart cameras, can do the heavy lifting by surveying dangerous
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areas and providing accurate data. This reduces risks for rescue

teams and allows them to focus on helping people, not scouting

for information. Automation also speeds up the entire process,

making disaster responses more ecient and safer.

1.2 Problem Statement

Traditional detection (like YOLO) and tracking systems (like Deep-

SORT and StrongSORT) often struggle to provide the speed, ac-

curacy, and reliability needed in real-time disaster situations, es-

pecially when working with live data from drones or surveillance

cameras. These older systems may not be fast enough to keep up

with rapidly changing scenes, or they may miss important details,

which can delay rescue eorts. Additionally, they often don’t oer

useful performance information, like how quickly they’re working

or how much memory they’re using, which makes it harder to as-

sess their eectiveness in urgent situations. This is why there is

a need for a more ecient and automated solution that can both

detect and track people and objects accurately and provide valu-

able performance data.

Figure 1.1: Problem Statement

• So, the primary objective is to develop a robust model based

YOLO versions for object detection and integrate it with

StrongSORT or other Tracking Algorithms like Strong-
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SORT, Transformer Based Tracker for tracking, but

the model should ensure the real-time performance, like tracks

individuals across frames with unique IDs, and provides met-

rics like frame rate and memory usage on Real-Time data.

1.3 Report Outline

The report is structured as follows:

• Chapter 2: Literature Review

• Chapter 3: Methodology

• Chapter 4: Experiments and Results

• Chapter 5: Conclusion and Future Work
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Chapter 2 Literature Review and Re-
lated Works

2.1 Literature Review

Modi et al. present a two-stage pipeline that rst applies the one-

stage YOLOv8s detector to each frame, isolating the object of in-

terest (a soccer ball), then blurs the remaining background before

feeding the masked frame into an optical ow tracker. By reducing

background clutter, their method yields continuous, color-coded

trajectory masks on a black canvas, even under rapid motion and

partial occlusion. Trained and validated on the DFL Soccer Ball

Detection dataset, this fusion achieves sub-second per-frame pro-

cessing on embedded hardware while maintaining high trajectory

accuracy.[1].

Abdelnabi and Rabadi’s state-of-the-art review categorizes UAV-

enabled person detection systems by disaster scenario (ood, earth-

quake, maritime), sensor modality (RGB, thermal, NIR), and algo-

rithmic family (one vs two-stage CNNs, ensemble methods). They

nd that while detectors like YOLOv3/v4 and Faster R-CNN

achieve over 90% recall on benchmark datasets, their computa-

tional footprint often exceeds typical UAV GPU capacities. The

authors underscore the critical need for model compression (prun-

ing, distillation) and multi-sensor fusion (e.g., visible + thermal)

to sustain high detection rates under constrained edge computing

budgets [2].
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Vedanth et al. develop an end-to-end UAV system that ne-tunes

YOLOv8 on oblique infrared video streams captured at 50–100

m altitudes. Leveraging transfer learning from COCO/PASCAL

VOC pretrained weights, extensive angle and illumination aug-

mentations, and inductive parameter transfer, their pipeline con-

verges rapidly, delivering sub-500 ms inference on NVIDIA Jetson

modules. Upon victim detection, the system autonomously trig-

gers a precision payload-drop mechanism, achieving under 2 m

drop-zone error—even in cluttered, low-contrast IR scenes [3].

Liu et al. introduce DisasterScope, a public remote-sensing cor-

pus of 2765 high-resolution (640×640px) images spanning eight

disaster types (oods, res, landslides, etc.) and annotated for

people, vehicles, debris, and hazard markers. They further pro-

pose an RTMDet-s architecture where standard 3×3 neck con-

volutions are replaced with 5×5 depthwise-separable kernels, ex-

panding receptive elds without increasing parameter counts. On

DisasterScope, this variant outperforms state-of-the-art detectors

(YOLOv3, YOLOX-s, RTMDet-s) by up to 0.8mAP50 at equiva-

lent compute budgets, demonstrating the power of scenario-focused

data plus architectural renement for onboard, real-time inference

[4].

Hadi et al. propose an intelligent system for deceased-victim de-

tection using a Raspberry Pi, Sony Exmor R IMX117 NIR cam-

era, odor sensor, and LoRa module mounted on a DJI Phantom

4. A MobileNetV2 classier distinguishes live vs. dead humans

with 99% accuracy at 2 m altitude under both day (0–60 lx) and

night conditions, and maintains 99% performance at speeds up to
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7 km/h. Upon death conrmation, GPS coordinates are trans-

mitted via LoRa with 500 ms latency over 150 m, enabling GIS

mapping of victims and minimizing SAR personnel exposure [6].

Redmon et al. reimagined detection as a single, end-to-end re-

gression problem in their original YOLO work, swapping region

proposals for a direct prediction of bounding boxes and class scores

in one go. Their 24-layer convolutional network (interleaving 1×1
bottleneck lters and 3×3 feature extractors) plus two fully con-
nected layers processes a 448×448 image in one pass, hitting 45

FPS with a 63.4% mAP on VOC 2007+2012. Shrinking the de-

sign to just nine convolutional layers in Fast YOLO trades some

accuracy—dropping to 52.7% mAP—but rockets throughput to

over 150 FPS. This rare combination of simplicity, global con-

text, and blistering speed makes YOLO a natural t for real-time

person-tracking pipelines, especially when paired with advanced

re-identication and transformer-based tracking modules [7].

Lygouras et al. develop an embedded deep learning system for

autonomous UAV-based human detection during open-water res-

cue missions. The system leverages a CNN trained on a custom

video dataset of swimmers, executing onboard inference in real

time while navigating via GNSS. Upon detecting a person in dis-

tress, the UAV autonomously deploys rescue equipment, reducing

reliance on ground operators. The lightweight model, implemented

on a hexacopter platform, maintains high precision despite limited

computational resources and challenging oceanic visuals. Their

approach demonstrates the viability of combining deep learning

with autonomous UAV navigation for ecient search and rescue

under maritime conditions [8].

Jayalath and Munasinghe introduce a drone-based system for au-
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tonomous human identication during SARmissions, using a custom-

trained object detector to localize people in aerial footage. The

drone is programmed to autonomously approach detected targets

and transmit selected frames for verication, using onboard GPS

for geolocation. Their implementation integrates a YOLOv3 detec-

tor and Fast R-CNN, optimized for edge computing on a Raspberry

Pi 4. Tested in rugged terrain, the drone demonstrates robust tar-

get acquisition, enabling real-time decision-making without con-

tinuous human supervision. This system exemplies the practical

deployment of AI-powered drones for missing-person localization

in disaster zones [9].

Dollár et al. provide a benchmark evaluation of 16 pedestrian

detection algorithms using a unied framework and six datasets,

including the extensive Caltech Pedestrian dataset with 350,000

bounding boxes. They assess detector performance across varying

pedestrian scales, occlusion levels, and real-world urban scenar-

ios. Despite improvements in detection rates, the study highlights

persistent weaknesses—especially for small or partially occluded

subjects—and recommends deeper evaluation protocols for model

benchmarking. Their ndings serve as a foundation for future work

in real-time person detection, especially in cluttered or dynamic

environments such as post-disaster urban areas [10].

Terven et al. present a comprehensive review of the YOLO ar-

chitecture’s evolution, from YOLOv1 to YOLOv8 and YOLO-

NAS, analyzing each version’s contributions to speed, accuracy,

and deployment feasibility. They describe how innovations such

as anchor-free designs, decoupled heads, and transformer-based

backbones have gradually improved detection performance while

reducing inference time. The paper also covers trade-os across

datasets (VOC, COCO), object scales, and real-time constraints,
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with particular attention to drone, surveillance, and robotic appli-

cations. Their insights support the continued adoption of YOLO

in time-sensitive detection tasks like SAR, reinforcing the model

choice for our person-tracking pipeline [11].

From this body of work, two themes emerge: rst, fusing high-

speed detectors like YOLOv8 or RTMDet with motion-based track-

ing (e.g., optical ow or frame-skipping) substantially improves

continuity and accuracy in cluttered or occluded scenes. Second,

disaster-specic datasets such as DisasterScope or infrared collec-

tions enable models to generalize beyond ideal conditions. How-

ever, most systems either sacrice real-time performance or oper-

ate in controlled settings. Our project bridges this gap by pruning

and ne-tuning a YOLOv8 backbone specically for disaster con-

texts, integrating it with an ecient motion-adaptive tracker, and

validating performance on mixed real and simulated UAV mis-

sions to achieve sub-500 ms inference and robust person tracking

in operational scenarios.

YOLO with Comparison of Multi–Object Trackers for

Disaster-Zone Person Tracking

2.1.1 YOLO (You Only Look Once) From Ultralitics

1. YOLO (You Only Look Once) is a state-of-the-art object de-

tection algorithm known for its speed and accuracy.

2. Unlike traditional methods that divide images into regions and

process them individually, YOLO treats object detection as a

single regression problem, predicting the bounding boxes and

class probabilities for objects in one go.

3. This unique approach allows YOLO to process images in real-

time, making it ideal for scenarios requiring quick decisions,
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such as disaster management or surveillance.

4. Its ability to balance performance and eciency has made it a

popular choice for tasks involving large datasets and dynamic

environments. The architecture of YOLO is described Below.

Figure 2.1: YOLO Architecture Overview

2.1.2 DeepSORT Tracker

1. Enhanced Tracking Algorithm:DeepSORT builds on

the original SORT (Simple Online and Realtime Tracking)

by adding features like appearance-based tracking for better

accuracy.

2. Appearance-Based Re-Identication:It uses a deep learning-

based Re-ID model to identify and track objects based on their

appearance, even if they leave the frame and re-enter later.

3. Improved Handling of Occlusion:DeepSORT can man-

age situations where objects are temporarily hidden or overlap,

maintaining consistent IDs across frames.

4. Integrates with Detectors Like YOLO:It pairs seam-

lessly with object detectors like YOLO to provide accurate

and real-time multi-object tracking.
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5. Good for Crowded Scenarios:DeepSORT is designed to

handle crowded environments, keeping track of multiple ob-

jects eciently.

6. Adaptable to Real-Time Needs:It strikes a balance be-

tween computational eciency and accuracy, making it suit-

able for real-time applications.

2.1.3 StrongSORT Tracker

1. Advanced Tracking Algorithm:StrongSORT is an im-

proved version of DeepSORT, designed to track objects across

video frames more eectively.

2. Uses Both Appearance and Motion:It combines how

objects look (appearance) and how they move (motion) to

ensure smooth tracking, even if the objects are temporarily

hidden or move unpredictably.

3. Accurate Object Re-Identication:With strong Re-ID

models, it can reliably identify and keep track of the same

object or person across multiple frames without mixing up

IDs.

4. WorksWell with YOLO:StrongSORT pairs perfectly with

modern object detection models like YOLO, using their accu-

racy to enhance tracking results.

5. Handles Multiple Objects Easily:It is designed to han-

dle crowded scenes with many moving objects while maintain-

ing real-time speed.

6. Reliable in Complex Scenarios:StrongSORT performs

well in challenging situations like disasters, where objects might

overlap or the environment is constantly changing.
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2.1.4 ByteSORT Tracker

1. Tracking All Objects:ByteTrack improves tracking by fo-

cusing on both detected and low-condence objects, ensuring

no object is missed.

2. Better Association Between Frames:It uses a unique

method to associate detections between frames, improving ac-

curacy in challenging scenarios.

3. Handles Occlusion Eectively:ByteTrack ensures ob-

jects are tracked even when they overlap or are temporarily

hidden.

4. Simple and Fast:Despite its eectiveness, ByteTrack is

lightweight and computationally ecient, making it ideal for

real-time use.

5. Versatile Integration:It works well with object detectors

like YOLO, combining detection and tracking into a seamless

system.

6. Reliable in Dynamic Environments:ByteTrack per-

forms well in dynamic scenes like disaster management, where

objects are constantly moving or changing.

2.1.5 Visdrone Dataset

1. The VisDrone dataset is a large-scale collection of drone-captured

images and videos specically designed for object detection

and tracking tasks.

2. It contains diverse scenarios with various objects such as pedes-

trians, vehicles, and bicycles, making it ideal for testing al-

gorithms in real-world environments like trac monitoring,

disaster management, and surveillance.
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3. The dataset includes both images with annotations and video

sequences, allowing for comprehensive evaluation of detection

and tracking models.

Figure 2.2: Visdrone dataset sample

2.1.6 MOT17 Dataset

• Diverse Scenarios: MOT17 includes 14 sequences (day/night,

indoor/outdoor, static/moving cameras), mirroring the vari-

ety of environments encountered in disaster response.

• Heavy Occlusions & Crowds: Dense annotations cap-

ture frequent overlaps and occlusions, testing a tracker’s abil-

ity to maintain identities—critical when survivors move be-

hind debris or through rubble.

• Standardized Detection Inputs: Three precomputed

detection sets (DPM, Faster R-CNN, SDP) allow us to isolate

and evaluate our YOLO+TransReID tracker’s association per-

formance under identical detection quality.

• Identity-Focused Metrics: Metrics like IDF1 and ID

switches alongside MOTA/MOTP quantify both localization
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accuracy and re-identication consistency, directly reecting

our project’s goal of reliable person tracking in chaotic scenes.

2.1.7 Gaps Identied

1. Detecting individuals partially submerged in wa-

ter or obstructed by other objects: It is challenging to

detect people who are either submerged in water or partially

hidden behind objects in the environment, as these obstruc-

tions can signicantly impact the visibility and accuracy of

detection algorithms.

2. Detecting individuals from a drone view (Tiny ob-

jects and from top view): When using drones for surveil-

lance, detecting individuals becomes harder due to the birds-

eye view, where objects may appear very small and appear in

a top-down perspective, making them harder to detect accu-

rately compared to typical ground-level images.

3. Identifying a person with the same unique ID if

they move out of the frame or camera range: A key

requirement in tracking is the ability to maintain a consistent

identity for an individual, even when they move out of the

frame or temporarily go out of camera range, ensuring that

the system can track them once they re-enter the eld of view.

4. Limited focus on resource-ecient algorithms for

edge devices like drones: Drones, especially those with

limited processing power, require algorithms optimized for ef-

ciency in terms of computational resources, power consump-

tion, and memory usage. This makes it crucial to use tracking

algorithms that are lightweight and fast while maintaining rea-

sonable accuracy.

5. ByteTrack is less accurate for occluded and dense

22



objects: ByteTrack, though eective in many cases, strug-

gles with accuracy in situations where objects are densely

packed or occluded, such as when multiple people are close

together or blocked from view by other obstacles, leading to

errors in tracking and identication.
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Chapter 3 Methodologies to Develop
the Model

3.1 Pipelines Overview

The pipeline comprises the following steps:

Figure 3.1: Proposed Pipeline

3.1.1 Visdrone Dataset for training

1. The VisDrone dataset is a comprehensive collection of images

and videos captured by drones in diverse environments.

2. It contains annotations for multiple object categories like pedes-

trians, cars, and bicycles, making it ideal for tasks like ob-

ject detection, tracking, and scene understanding in real-world

aerial scenarios.
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Figure 3.2: Snapshot of Visdrone’s data.yaml

Preprocessing of Dataset

1. Here are ten classes in the Visdrone dataset, but we trained

our model only for the pedestrian, people, bicycle, and car

classes. So, I removed notations for other classes and updated

the .yaml le.

2. The labels were not in the YOLO format.

The VisDrone dataset labels are provided in the following format:

⟨target id, bbox left, bbox top, bbox width, bbox height, score, object ca

occlusion⟩

Table 3.1: Description of Tracking Data Fields
Field Description

target id Integer ID for the object instance (tracking purposes, often set to -1 for detection).
bbox left X-coordinate of the top-left corner of the bounding box (in pixels).
bbox top Y-coordinate of the top-left corner of the bounding box (in pixels).

bbox width Width of the bounding box (in pixels).
bbox height Height of the bounding box (in pixels).

score Condence score (used in detection results; set to -1 in ground truth).
object category Class ID of the object (integer ranging from 1 to 10).

truncation Truncation ratio (0 for not truncated, 1 for fully truncated).
occlusion Occlusion ratio (0 for not occluded, 1 for partial, 2 for full).

3. We changed the labels format to YOLO compatible format.
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Convert from original to YOLO compatible format:

⟨class id, center x, center y,width, height⟩

Conversion from VisDrone to YOLO Format

To convert the labels of the VisDrone dataset into YOLO

format, the following general formulas are used:

Table 3.2: Conversion of Bounding Box Annotations to YOLO Format

YOLO Field Formula (General)

class id object category

center x
bbox left+ bbox width

2

image width

center y
bbox top+ bbox height

2

image height

width
bbox width

image width

height
bbox height

image height

Description of the Fields

• object category: The class ID in the VisDrone dataset.

• bbox left: The X-coordinate of the top-left corner of the

bounding box (in pixels).

• bbox top: The Y-coordinate of the top-left corner of the

bounding box (in pixels).

• bbox width: The Width of the bounding box (in pixels).

• bbox height: The Height of the bounding box (in pixels).

• image width: The Width of the image (in pixels).

• image height: The Height of the image (in pixels).
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4. We oversampled the dataset because the dataset has many

instances of car labels as 3 classes than the pedestrian and

people classes. So, I tried increasing the number of instances

of the pedestrian class by oversampling, but that didn’t work

much. Below are the number of instances per class after over-

sampling.

Figure 3.3: Oversampled Data Description

3.1.2 Dataset and Preprocessing

1. We used the MOT17 dataset for training and evaluation, which

consists of video sequences captured in real-world urban en-

vironments with varying camera angles, motion, and crowd

density.

2. It is primarily designed for multi-object tracking and provides

annotations for pedestrians, along with identity information.
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3. The annotations are given in MOT Challenge format, with

elds like frame number, object ID, bounding box coordinates

(top-left x, y, width, height), and visibility ratio. These an-

notations are not in YOLO format, so we converted them to

YOLO-compatible labels:

<class id> <x center> <y center> <width> <height>

4. Bounding box coordinates were normalized by image width

and height. Since MOT17 focuses mainly on pedestrians, we

assigned a single class ID (e.g., 0) to all instances. This con-

verted data was then used for training both the object detector

(YOLOv7) and for cropping person images to train the ReID

model (TransReID).

3.1.3 Train YOLOv8 on Customized Visdrone Dataset

1. Now, we trained the YOLOv8m model on custom dataset.

2. We annotated the video using the CVAT tool, which is a semi-

automatic annotation tool to make our model more robust.

3. We performedOptuna based hyperparameter tuning for nd-

ing the best parameters for training.

4. below is the snippet of training code:-
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Figure 3.4: Snippet of Optuna based training

3.1.4 Integrate Trained YOLO Model To Tracking Algorithm(StrongSORT

1. Output Generated by YOLO model feeds to StrongSORT

then StrongSORT tracks detected objects.

2. It identies each object uniquely and assigns a unique ID.

3. If any person disappears in any frame and reappears in later

frames, it will assign the same ID as before.

3.1.5 Given Input Any Drone/Normal Video

1. After integrating the YOLO and StronSORT, give any real-

time disaster or normal drone footage.

2. To check our model, we tested our model on Vijayawada ood
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videos from a drone.

3.1.6 Detection of Objects Done by YOLO after every few Frames

1. YOLO model runs repeatedly after a few frames to detect.

2. Trained YOLO model detects and generates output like [class-

id, condence, x-min, y-min, x-max, y-max] and annotated

image/video (sample frame given below).

Figure 3.5: Sample framed output from trained YOLO

3.1.7 Tracker Tracks Objects Detected By YOLO And Identies

It As Unique.

1. Tracker continuously takes input from YOLO after some xed

number of frames and tracks the objects.

2. Ouput sample is given below.
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Figure 3.6: Output sample after Tracker

3.1.8 Output: Real-Time Annotated video/photos with Unique

IDs, Frame rate, and memory usage

Figure 3.7: Final Output sample of the model
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1. Each object (particularly a person, car, or bicycle) will be

annotated with a bounding box.

2. Each bounding box (object) is assigned a unique ID.

3. Class name of the object and condence value are also assigned

along with IDs.

4. Live measurement of Frame rate (frames processed per sec-

ond by the model) and Memory usage by the model are

shown in the top left corner.

5. Above is the sample output.
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3.2 Required Libraries

Table 3.3: Python Package Dependencies

Package Version Constraint

matplotlib ≥ 3.2.2
numpy ≥ 1.18.5
opencv-python ≥ 4.1.1
Pillow ≥ 7.1.2
PyYAML ≥ 5.3.1
requests ≥ 2.23.0
scipy ≥ 1.4.1
torch ≥ 1.7.0, ̸=1.12.0
torchvision ≥ 0.8.1, ̸=0.13.0
tqdm ≥ 4.41.0
protobuf < 4.21.3
pandas ≥ 1.1.4
seaborn ≥ 0.11.0
easydict –
Cython –
h5py –
six –
tb-nightly –
future –
yacs –
gdown –
ake8 –
yapf –
isort = 4.3.21
imageio –
torchreid –
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Chapter 4 Experiments and Results

4.1 Performance Metrics For YOLOv8 after Training

1. Precision curve:

• The precision highlights the accuracy of correctly identied

objects among all detections, providing insights into the

model’s performance in detecting relevant targets.

• For the YOLOv8 model, after training, we are getting very

good precision values.

• The Precision curve generated during training is shown

below.

Figure 4.1: Precsion Curve

2. P-R curve:
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(a) The Precision-Recall (PR) curve shows how well the model

balances precision (correct predictions) and recall (detect-

ing all objects), giving a clear picture of its performance.

(b) A good PR curve indicates that the model can accurately

detect the most relevant objects without missing or mis-

classifying them.

(c) The P-R curve generated during training is shown be-

low, which is average (low for bicycle and people because

they had very few instances as compared to the other two

classes.

Figure 4.2: P-R curve

3. Detection Accuracy:

(a) The F1 score combines both precision and recall into a

single value by calculating their harmonic mean.

(b) It provides a balance between precision and recall, making

it especially useful when dealing with imbalanced datasets,

where both false positives and false negatives are impor-

tant to consider.
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(c) The F1-score graph is shown below.

Figure 4.3: F-1 Score Graph

Loss Function used during training of YOLO

4.1.1 Distributed Focal Loss

The Distributed Focal Loss is an improvement over the stan-

dard focal loss that down-weights easy examples and focuses more

on dicult, hard-to-detect objects. This helps in training on im-

balanced datasets, ensuring the model learns from the challenging

instances more eectively.

FL(pt) = −αt(1− pt)
γ log(pt)

Where:

• pt is the predicted probability for the true class,

• αt is the balancing factor for class t,

• γ is the focusing parameter (usually between 0 and 5).
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4.1.2 Box Loss

Box Lossmeasures the error between the predicted bounding box

and the ground truth. It evaluates how well the model predicts

the position and dimensions of the object bounding box. One

common approach for box loss is using Intersection over Union

(IoU) to calculate the dierence.

Box Loss = 1− IoU(B̂, B)

Where:

• B̂ is the predicted bounding box,

• B is the ground truth bounding box,

• IoU is the Intersection over Union between the predicted and

true boxes.

IoU(B̂, B) =
B̂ B
B̂ B

4.1.3 Class Loss

The Class Loss calculates how well the model classies objects.

It is often based on cross-entropy loss, which measures the dier-

ence between the predicted class probabilities and the true class

labels.

Class Loss = −
C

c=1

yc log(pc)

Where:

• yc is the ground truth label for class c,

• pc is the predicted probability for class c,

• C is the number of classes.
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Loss Functions Used During Tracker Training

4.1.4 Re-Identication (ReID) Losses

Triplet Loss: Used to ensure that features of the same identity are

closer than those of dierent identities.

Ltriplet = max (0, d(a, p)− d(a, n) + margin)

Where:

• a: Anchor feature vector

• p: Positive sample (same identity)

• n: Negative sample (dierent identity)

• d(·, ·): Distance metric, typically Euclidean distance

4.1.5 Cross-Entropy Loss (ID Loss):

Used to classify feature embeddings into correct identity classes.

LID = −
C

i=1

yi log(ŷi)

Where:

• C: Total number of identities

• yi: Ground-truth label (one-hot encoded)

• ŷi: Predicted probability for class i

4.1.6 Association Losses (Matching Detections Across Frames)

Contrastive Loss: Encourages features from the same identity to be

close and those from dierent identities to be far apart.

Lcontrastive = y · d2 + (1− y) ·max(0,margin− d)2

Where:
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• y ∈ 0, 1: Label indicating whether the pair is positive or

negative

• d: Distance between the feature vectors

Binary Cross-Entropy Loss: Used when training association models

(e.g., graph-based matching) to predict matching likelihood be-

tween detection pairs.

LBCE = − [y log(ŷ) + (1− y) log(1− ŷ)]

4.1.7 Motion Prediction Losses (if motion is learned)

Mean Squared Error (MSE) / Smooth L1 Loss: Used to predict the next

position of tracked objects based on motion.

Lmotion =
1

N

N

i=1

∥x̂i − xi∥2

Where:

• xi: Ground-truth position at time t + 1

• x̂i: Predicted position at time t + 1

• N : Number of tracked objects
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Chapter 5 Experiments and Results
in Last Phase

5.1 Making YOLO more robust

• In the initial phase, we implemented the proposed tracking

pipeline using YOLO for detection. However, the performance

dropped signicantly in Indian and disaster-specic environ-

ments, where conditions are dynamic and often include occlu-

sions, poor lighting, and camera instability.

• This resulted in two major challenges: (1) missing detections

for partially visible or occluded individuals, and (2) identity

mismatches in the tracking module due to inaccurate detec-

tions or bounding box overlaps.

• To address these issues, we made several targeted improve-

ments to the YOLO detection pipeline:

1. Custom dataset training: We retrained YOLO on

carefully selected subsets of MOT17 and our custom datasets,

focusing only on class pedestrian to reduce noise and im-

prove detection precision in real-world disaster scenarios.

2. Data cleaning and label conversion: The datasets

were preprocessed to remove irrelevant classes, converted

to YOLO format, and balanced by oversampling under-

represented categories like pedestrians.

3. Anchor box optimization: Anchor boxes were recal-

culated using k-means clustering on the training data to
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better match object shapes and sizes commonly seen in

aerial and urban scenes.

4. Advanced data augmentation: Techniques such as

mosaic augmentation, random scaling, ipping, and bright-

ness/contrast variation were applied to simulate challeng-

ing visual conditions and improve generalization.

5. Loss function adjustments: We ne-tuned the ob-

jectness and IoU loss weights to focus more on small object

detection and accurate localization in cluttered scenes.

6. Soft-NMS integration: Instead of traditional Non-

Maximum Suppression (NMS), we used Soft-NMS to bet-

ter handle overlapping detections and reduce false nega-

tives, especially in crowded disaster zones.

7. Dynamic learning rate scheduling: A cosine an-

nealing learning rate scheduler was employed to stabilize

training and help the model converge better without over-

tting.

8. Training conguration: The model was trained for

100 epochs using mixed precision, gradient accumulation,

and a batch size of 16 on GPU. We monitored mAP@0.5

and validation loss to ensure progressive improvements.

Figure 5.1: Box Loss Comparison Graph Figure 5.2: DFL Loss Comparison Graph
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Figure 5.3: mAP@50 Comparison Figure 5.4: mAP@50–95 Comparison

5.2 Transformer-Based Tracker Experiments

To explore the benets of a purely attention-based tracking ap-

proach, we integrated the PVTReID transformer-based Re-IDmodel

and compared it against our existing StrongSORT baseline.

1. Model Integration

• Replaced StrongSORT’s default CNN-based Re-ID head

with the transformer-based PVTReID model to enhance

identity representation using global and part-aware atten-

tion.

• Retained the YOLOv7 detector and Kalman lter motion

priors to ensure real-time tracking and temporal smooth-

ness.

2. Data and Preprocessing

• Used the same MOT17 train/validation split and precom-

puted detections as StrongSORT for a fair comparison.

• Converted MOT17 annotations into the required format

for PVTReID (ID-labeled cropped person images) and ex-

perimented with skipping every 2nd frame to stress-test

long-range association.
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3. Training Conguration

• Trained PVTReID for 50 epochs with batch size 16, learn-

ing rate 1× 10−4, and a cosine annealing schedule.

• Employed mixed-precision (FP16) and standard augmen-

tations (ips, color jitter, temporal shuing) to improve

generalization.

4. Evaluation Metrics

• Measured MOTA, IDF1, HOTA, and FPS on the MOT17

validation set.

• Compared directly to StrongSORT’s baseline performance

(∼ 81% MOTA, ∼ 77% IDF1 at ∼ 30 FPS).

5. Improvements

• Reduced ID Switches: The hierarchical attention and

part-level discriminative learning in PVTReID signicantly

improved identity consistency, especially during occlusions

and re-entries.

• Better Long-Range Association: The combined use of ID

loss and triplet loss helped the model maintain accurate

associations over longer frame gaps, potentially boosting

MOTA by 1–2 points.
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Figure 5.5: Pyramid Vision Transformer Architecture

Figure 5.6: Old Output Frame Figure 5.7: Improved Output Frame
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Chapter 6 Conclusion and Future Work

Conclusion

In this work, we introduced a real-time person tracking system

tailored for disaster scenarios, combining a robust YOLO-based

detector with a transformer-enhanced re-identication module and

reliable motion priors. Through careful dataset preparation (MOT17

and VisDrone), anchor optimization, and advanced augmentation,

we achieved signicant gains in detection precision and identity

consistency. The integration of Soft-NMS and dynamic learn-

ing rates further improved tracking stability under occlusions and

rapid scene changes. Our modular design ensures adaptability

to varied UAV platforms, and the detailed ablations underscore

the trade-os between accuracy, speed, and resource consump-

tion. The proposed future work roadmap—spanning model com-

pression, multi-modal fusion, and collaborative multi-UAV track-

ing—sets a clear agenda for translating this research into opera-

tional tools for rst responders. Ultimately, our system lays the

groundwork for robust, scalable, and ecient person tracking that

can aid in search, rescue, and situational awareness during critical

disaster relief operations.
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Future Work

Looking ahead, our primary goal is to make the tracking system

lightweight enough to run eciently on UAV platforms with lim-

ited compute and power. We will investigate model compression

techniques—such as pruning, quantization, and knowledge distilla-

tion—alongside mobile-friendly backbone architectures (e.g., Mo-

bileNetV3 or GhostNet) to bring inference latency below 10 ms

per frame. At the same time, we plan to enhance the ReID mod-

ule’s discrimination power by integrating advanced metric-learning

losses (e.g., adaptive-margin triplet or circle loss) and by explor-

ing domain-adaptive ne-tuning that updates feature embeddings

on the y as environmental conditions change. Finally, we will

prototype multi-modal fusion of RGB with thermal or depth data

to maintain persistent identity tracking under heavy occlusion or

low-light conditions, and we will validate our approach on real-

world UAV hardware to ensure robustness, power eciency, and

operational readiness.

• Develop and benchmark model compression (pruning, quanti-

zation, distillation) combined with lightweight backbones for

sub-10 ms/frame inference on embedded GPUs.

• Improve person re-identication through adaptive metric-learning

losses and online domain-adaptive updates during deployment.

• Prototype fusion of RGB, thermal, and depth modalities to

sustain tracking accuracy under occlusion and poor lighting,

and validate on UAV testbeds.

46



References

[1] P. Modi, D. Menon, A. Verma and A. S. Areeckal, Real-

time Object Tracking in Videos using Deep Learning and Op-

tical Flow, 2024 2nd International Conference on Intelligent

Data Communication Technologies and Internet of Things (ID-

CIoT), Bengaluru, India, 2024, pp. 1114-1119, doi: 10.1109/ID-

CIoT59759.2024.10467997.

[2] A. A. Bany Abdelnabi and G. Rabadi, Human Detection From

Unmanned Aerial Vehicles’ Images for Search and Rescue Mis-

sions: A State-of-the-Art Review, in IEEE Access, vol. 12, pp.

152009-152035, 2024, doi: 10.1109/ACCESS.2024.3479988.

[3] S. Vedanth, U. N. K. B, S. Harshavardhan, T. Rao and A. Kodi-

palli, Drone-based Articial Intelligence for Ecient Disaster

Management: The Signicance of Accurate Object Detection

and Recognition, 2024 IEEE 9th International Conference for

Convergence in Technology (I2CT), Pune, India, 2024, pp. 1-5,

doi: 10.1109/I2CT61223.2024.10543607.

[4] Z. Liu, C. Luo, G. Min, Z. Liu and Z. Li, DisasterScope:

A Comprehensive Dataset and RTMDet-based Methodology

for Object Detection in Disaster-Related Remote Sensing Im-

ages, IGARSS 2024 - 2024 IEEE International Geoscience and

Remote Sensing Symposium, Athens, Greece, 2024, pp. 7769-

7772, doi: 10.1109/IGARSS53475.2024.10641228.

[5] Ultralytics Documentation web: https://docs.

ultralytics.com/

47



[6] Hadi, Zen, Kristalina, Prima, Pratiarso, Aries, Fauzan, M., &

Nababan, Roycardo. (2024). Intelligent System Detection of

Dead Victims at Natural Disaster Areas Using Deep Learn-

ing. Journal of Disaster Research, 19, 204–213.

[7] Han, X., Chang, J. and Wang, K., 2021. You only look once:

unied, real-time object detection. Procedia Computer Sci-

ence, 183(1), pp.61- 72.

[8] Lygouras, E., Santavas, N., Taitzoglou, A., Tarchanidis, K.,

Mitropoulos, A., & Gasteratos, A. (2019). Unsupervised hu-

man detection with an embedded vision system on a fully

autonomous UAV for search and rescue operations. Sensors

(Switzerland), 19(16).

[9] K. Jayalath and S. R. Munasinghe, Drone-based Autonomous

Human Identication for Search and Rescue Missions in Real-

time, 2021 10th International Conference on Information and

Automation for Sustainability (ICIAfS), Negambo, Sri Lanka,

2021, pp. 518-523, doi: 10.1109/ICIAfS52090.2021.9606048.

[10] P. Dollar, C. Wojek, B. Schiele and P. Perona, Pedestrian De-

tection: An Evaluation of the State of the Art, in IEEE Trans-

actions on Pattern Analysis and Machine Intelligence, vol. 34,

no. 4, pp. 743-761, April 2012, doi: 10.1109/TPAMI.2011.155

[11] Terven, Juan & Cordova-Esparza, Diana-Margarita &
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