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Abstract

Deep learning technologies utilizing Convolutional Neural Networks
(CNNs) have advanced the development of autonomous systems,
particularly in the exploration of hazardous environments. This
study integrates the YOLOv5 object detection model with a fixed-
wing Unmanned Aerial Vehicle (UAV) to identify simulated 5x5-
meter orange marker dropping kits deployed in inaccessible
disaster zones. Experiments were conducted at altitudes of 45 m,
756 m, and 100 m above sea level to assess real-time detection
accuracy and terrain-mapping efficiency. The system achieved a
mean Average Precision (mAP) of 88% across varying altitudes,
demonstrating robust performance despite  environmental
challenges such as false positives from similarly colored rooftops.
Computational efficiency tests were performed on the Jetson Nano
platform using the TensorRT engine to accelerate object detection
model inference on NVIDIA GPUs. Lighting variability significantly
impacted detection reliability, resulting in a reduced mAP under
suboptimal illumination. To enhance precision, post-processing
filters and parameter optimizations were applied, improving the
balance between detection sensitivity and specificity. These
findings underscore the potential of YOLOv5-enabled UAVs for
rapid, high-accuracy aid localization in disaster scenarios, although
adaptive threshold tuning remains critical to address environmental
variability in operational settings.
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INTRODUCTION object detector, offering fast and reliable

Advances in robotics and artificial identification of critical targets (e.g., survivors or
intelligence (Al) have revolutionized disaster supply markers) in cluttered settings. This
management, enabling rapid, safe, and efficient capability is particularly valuable in disaster

responses in high-risk environments [1][2].

scenarios where speed and operational safety

Unmanned aerial vehicles (UAVs), especially
fixed-wing drones equipped with deep learning-
based scanning systems, have become
indispensable tools for surveying hazardous
terrain, monitoring environmental conditions, and
delivering aid to disaster zones. These systems
leverage convolutional neural networks (CNNs),
a technology that has seen significant progress,
to process real-time data with high precision [3].
Among CNN-based models, You Only Look Once
version 5 (YOLOvS) excels as a state-of-the-art

are paramount, as demonstrated by its potential
for rapid emergency response [4].

Currently, YOLOv5 also addresses the
challenges of low recognition accuracy and
occlusion detection, particularly when identifying
small or distant targets, such as unmanned aerial
vehicles (UAVs) [4, 5, 6, 7, 8]. Despite its
demonstrated capabilities, deploying YOLOvV5 on

S. A. Akbar et al., Vision-guided tracking and detection using the YOLOv5 model on a ...

fixed-wing UAV platforms is hindered by
substantial  implementation  barriers  [10].
Unpredictable environmental conditions
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characteristic of disaster zones - including
irregular topography, severe meteorological
phenomena, and inconsistent lighting - have
been shown to affect detection reliability
adversely [11][12]. Additionally, operational
factors  (altitude, velocity, environmental
interference) degrade detection of critical
markers, while computational constraints and
basic optics further limit high-speed UAV

performance [13].

The You Only Look Once (YOLO)
framework has undergone continuous
development across multiple versions, each
introducing  architectural and performance
improvements. However, these advancements do
not always guarantee consistent superiority in
practical applications [12][13]. To address
specific challenges in real-world scenarios, the
study developed an evaluation of an object
detection system based on the YOLOv5 model,
integrated into a fixed-wing UAV platform to
identify logistical drop points in disaster-affected
regions [16]. System performance is evaluated
under diverse operational parameters and
environmental conditions, with focused analysis
on the detection accuracy of standardized orange
square markers serving as designated drop-zone
indicators [17]. Optimization is pursued through
rigorous analysis of performance metrics and
noise interference patterns to enhance
operational reliability under dynamic conditions.

Additionally, the potential for reduced
human intervention in high-risk environments is
examined, offering a safer paradigm for disaster
response operations [18]. While previous
research has investigated CNN integration with
UAVs, few have thoroughly tested YOLOv5's
usefulness in real-world catastrophe scenarios,
especially when limited to daytime operations
due to lighting constraints. This gap underlines
the importance of doing targeted research to
optimize such systems for practical deployment.
To mitigate these challenges, this work delivers
the following key contributions:
¢ Improving object detection precision on high-

altitude imagery with constrained training
datasets using YOLOV5 architecture.

e Enhancing computational efficiency via
TensorRT framework implementation,
enabling real-time performance on resource-
constrained systems.

RELATED WORK

Unmanned Aerial Vehicles (UAVs)
equipped with vision-based sensing systems
have emerged as a powerful tool for surveillance
applications, offering real-time, high-resolution
monitoring of large and complex environments.

These systems leverage onboard cameras, a
processing system, and a deep Ilearning
algorithm to autonomously [19]. The YOLO
algorithm has become particularly prevalent in
UAV applications due to its efficient multi-object
detection capability and real-time performance,
making it ideal for complex scenarios involving
dense or overlapping targets [20].

Safonova [21] introduced a YOLOvS5 model
with multilayer feature fusion to improve small
object detection in UAV imagery, highlighting
enhanced feature representation as its main
contribution. However, its dependence on
augmented training data may limit generalization
to real-world conditions. Notably, Ajayi [22]
omitted evaluations of model performance under
high UAV speeds, altitude changes, and optical
disturbances such as motion blur and gaps; this
study resolves these issues through YOLOvS
enhancements and dynamic condition
optimization. While research on YOLOv5 for UAV
applications is limited, Zhang [23] enhanced
YOLOV5 using attention and multiscale strategies
to improve small object detection in complex UAV
imagery, effectively addressing challenges such
as small object size, cluttered backgrounds, and
dense scenes; however, its limitation lies in
restricted generalization, as validation is
conducted on limited datasets. Ling [24]
proposed an improved YOLOv5 for dual-mode
UXO detection using visible—infrared data,
achieving high accuracy and real-time
performance. However, it does not account for
variations in data acquisition across different
altitudes, which may limit robustness.

Numerous studies have investigated
YOLO's operational performance when deployed
on embedded minicomputer platforms. Dilmi [25]
proposed a Vvision-based UAV system that
employs an Intel camera for depth sensing and a
Jetson version for onboard deep learning
(YOLOvV4-Tiny). The performance was sufficiently
robust. Ling [26] processed the 2-D imagery
dataset using an onboard Jetson system. The
experiment used YOLOv4 to train an object
detection model, achieving results demonstrating
the system's ability to recognize small objects
with low computational overhead efficiently.

METHOD
UAYV Design

The fully assembled UAV, along with its
integrated electrical and control systems, is
depicted in Figure 1. This configuration
demonstrates the complete structural layout,
including the arrangement of propulsion
components, sensor modules, power distribution
units, and communication interfaces. The figure
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Figure 1. Fixed-wing UAV

provides a comprehensive visualization. of the
UAV’s overall design, highlighting the integration
between mechanical and electronic subsystems
that enable stable flight performance and efficient
operational functionality.

Figure 1 shows the aircraft model-based
fixed-wing UAV. Development of a 1.3-meter
wingspan fixed-wing UAV type T-tail integrates a
Jetson Nano mini-PC and an autonomous flight
control system powered by the Mateksys H743
Wing V3. The UAV is equipped with a Sony RX0
Mark 1l camera to enable advanced object
detection capabilities. The Jetson Nano,
configured with a 64 GB microSD card for
storage and booting, runs Ubuntu 20.04 to
ensure stable performance during flight missions.

The cameras are mounted on the ventral
section of the fuselage in an optimized
configuration for aerial observation, with
protective cushioning integrated to ensure
durability during belly landings. The camera
system setup is detailed in Figure 2. As illustrated
in Figure 2, the vision system employs
sophisticated image processing algorithms to
detect targets using visual cues, such as an
object's color or shape. Furthermore, the UAV's
system architecture is depicted in Figure 3. The
proposed architecture demonstrates a modular
design integrating three core subsystems:
perception, control, and power management. The
UAV's operational system architecture, illustrated
in Figure 3, integrates multiple subsystems for
comprehensive functionality.

A Remote Control unit enables manual
operation while an auditory Buzzer provides
system notifications. The visual perception
system consists of a Sony RX0 Mark Il camera
interfaced with a Jetson Nano processor, which

Figure 2. Camera Installation
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Figure 3. System Workflow

performs real-time image processing and artificial
intelligence-based object detection.

Power management is achieved through a
6S LiPo battery connected to a Power
Distribution Board (PDB), which allocates
electrical power to three primary subsystems: (1)
the Mateksys-H743 Flight Controller for
autonomous navigation, (2) Electronic Speed
Controllers (ESCs) for motor regulation, and (3)
Brushless Motors that generate the necessary
propulsion for flight operations. Continuous
communication during flight operations is
ensured by a full-featured ground control station
(GCS), with the Mission Planner software
interface depicted in Figure 4.

Figure 4 illustrates that the communication
architecture employs a dual-channel wireless
system, consisting of a 5.8 GHz receiver for
command signal acquisition from the ground
station and a 433 MHz telemetry radio for
bidirectional transmission of positional and
system status information to the Mission Planner
software. The system's robust interoperability
between hardware components and software
interfaces ensures seamless data processing and
precise actuation of flight control surfaces
throughout operational phases [27].

Dataset handling

This study employs a logistic-ground
image dataset as the primary source of visual
data for analysis and model evaluation. An
overview and a visual representation of the
dataset are presented in Figure 5.

0,03

Figure 4. Mission Planner Visualization
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Figure 5. An image of the Drop Area

As depicted in Figure 5, to maintain
framework compatibilty with the Jetson
embedded system, all training images were
resized to 640x640 pixels. The training dataset
was resized to maintain compatibility with the
framework deployed on the Jetson platform [28].
The dataset was acquired using a smartphone
camera, with the scale adjusted to reflect real
field conditions. A simulation of the dataset
dimensions was conducted at altitudes of 50 m,
75 m, and 100 m, corresponding to a real-world
scale of 1:1000. The dataset comprises a total of
2,669 image frames, consisting of 1,877 images
for the training set, 532 images for the validation
set, and 260 images for the test set. Figure 6
illustrates the augmentation produced.

Figure 6 presents the image augmentation
techniques applied, including rotation, brightness
adjustment, and Gaussian transformation. These
augmentation methods were employed to expand
the dataset and mitigate the risk of overfitting.
The image labeling process was conducted using
Roboflow, with the COCO128 dataset serving as
the reference for the labeling framework. This
study used Roboflow annotation software to
facilitate object labeling, ensuring consistent and
precise bounding box annotations. Figure 7
illustrates the step-by-step labeling procedure
performed.

o
Figure 7. Image Annotation
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Figure 8. Proposed Method Architecture

Proposed Method

This study presents a computer vision
architecture employing the YOLOv5 model,
integrated with a fixed-wing UAV platform to
accurately detect drop-kit load positions during
disaster mitigation simulations. The
implementation  leverages  TensorRT-based
optimization to enhance inference speed,
enabling real-time processing and efficient
deployment in field environments. The overall
pipeline architecture is illustrated in Figure 8.

Figure 8 describes the proposed method,
which defines the YOLOvV5 algorithm utilized for
training the model, which is optimized on
TensorRT. The architecture provided real-time
detection of 5x5 m orange drop kits during

auTPuT

20-20-1024

Figure 9. Architecture of YOLOvV5
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disasters. Additionally, the architecture of the
YOLOvV5 model is presented in Figure 8.

As depicted in Figure 9, YOLOVS is a
single-stage object detection architecture that
employs a Cross-Stage Partial Network
(CSPDarknet53) backbone and a Path
Aggregation Network (PANet) neck for enhanced
multiscale feature fusion [29]. The YOLOvS
architecture employs a multi-component loss
function that combines distinct optimization
objectives for different detection tasks. The final
loss computation integrates these components
through a weighted summation approach defined
in (1).

LOSSZ AlLCIS—i_‘lz Lob}—l—lg LIOC (1)

The total loss combines three weighted
terms: classification (L) and objectness (L)

BCE losses, plus a CloU-based localization loss
(L) Hyperparameters 4;4,4;control  the

balance of their optimization.

YOLOvV5 achieves high accuracy even with
small datasets while reducing computational
demands. However, it requires a high-
performance system. To improve computational
efficiency, YOLOv5 can be optimized with
TensorRT, an NVIDIA-developed inference
framework that accelerates model execution on
GPU architectures. Demonstrates the integration
of the YOLOv5 object detection model
accelerated by TensorRT, enabling efficient
inference on the Jetson Nano platform while
maintaining real-time performance during UAV
flight operations [30]. TensorRT implementation
also enables model deployment on edge devices
like the NVIDIA Jetson Nano by compiling CUDA-
architecture-optimized engine files. As a result,
YOLOvV5-TensorRT achieves an mAP@0.5 of
approximately 56.6% on the COCO dataset,

Create and train get pretrainad
an mode| L} mocdel
lv save the model l
Yola WS Saved Model
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Figure 10. TensorRT Model

making it an effective solution for real-time
embedded detection systems [31]. The TensorRT
integration workflow with the YOLOv5 object
detection system is illustrated in Figure 10.

Figure 10 describes the optimization
pipeline, which consists of: (1) converting the
PyTorch model to the ONNX intermediate
representation, followed by (2) precision
quantization from 32-bit floating-point (FP32) to
either 16-bit (FP16) or 8-bit integer (INT8)
formats. This process achieves up to a 3x
reduction in model size and inference latency
through advanced techniques such as layer
fusion and kernel optimization, while preserving
near-baseline detection accuracy.

Experimental evaluation of the optimized
YOLOv5 model quantified detection performance
through precision, recall, mAP (mean average
precision), and F1-score metrics computed
during training and validation [32]. Precision
quantifies the ratio of correctly identified positive
predictions to all positive predictions made by the
model. This metric, presented in the
metrics/precision column, is calculated using (2).

. TP
Precision = TPXFF (2)

The recall metric, recorded in the
metrics/recall column, quantifies the model's
ability to identify all relevant positive cases, as
defined by (3).

TP (3)

Recall = TP+ EN

Mean Average Precision (mAP) evaluates
detection accuracy across different confidence
thresholds, with values reported in both
metrics/mAP_0.5 and metrics/mAP_0.95
columns. The computation follows (4).

_1y (4)
mAP = ;Z AP,

F1-Score represents the harmonic mean of
precision and recall, providing a balanced
measure that accounts for both false positives
and false negatives - a critical consideration in
object detection tasks. This metric is derived
using Equation (5).

Precision x Recall (5)
F1l—Score=2x

Precision x Recall
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The accuracy metric, recorded in the
metrics/recall column, assesses the model's
overall prediction correctness, computed in (6).

_ TP +TN (6)
AcCuracy = §p TN T FP T FN

RESULTS AND DISCUSSION
Experimental results

The model was trained using the train.py
script with the following parameters: 640x640
input resolution, 150 epochs, and a batch size of
16. Computational constraints necessitated CPU-
based training (enabled via the cpu parameter),
which substantially increased the training
duration. The training results, including bounding
box predictions, are shown in Figure 11.

Figure 11 presents a visualization of the
system's detection capability despite hardware
limitations, with annotations indicating the
model's precision under the specified conditions.
Furthermore, the training metrics  are
demonstrated in Figure 12. As illustrated in
Figure 12, the graph shows consistent
improvement: train/box_loss decreased from
0.125 to 0.016, train/obj_loss from 0.031 to
0.009, and cls_loss remained stable at O,
indicating effective localization and object
detection. Precision rose from 0.25 to 0.95, while
recall achieved 1.0 by epoch 99, reflecting near-
perfect detection capability. mAP@50 improved
from 0.074 to 0.95, confirming robust accuracy.
Validation losses (box: 0.125—0.011, obj:
0.024—0.005)  declined steadily  without
overfitting, and minor fluctuations in val/obj_loss
(epochs 45-50) had no significant impact. The
model converged optimally with a near-zero
learning rate by epoch 99.
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Figure 11. Object detected using the
proposed model
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Figure 12. Training Graph

Figure 13. Implementation Test

Test Distance is the horizontal distance (in
meters) between the sensor/camera and the
target object during testing. Base Speed
indicates the object's movement speed relative to
the ground surface, displayed in a minimum-—
maximum range to illustrate variations in
measurement results. The system's testing
results, visualized through Mission Planner's
interface, are shown in Figure 13. As shown in
Figure 13, the image representation included
spatial detection accuracy (as measured by the
test altitude distance metric) and bounding-box
tracking capability under maneuvering conditions.

Table 1 provides a comprehensive
performance evaluation from flight tests
assessing detection reliability across multiple
operational parameters. The dataset captures
quantitative metrics that demonstrate system
robustness across diverse scenarios.

Table 1. Summary of Detection Performance
Across Flight Trials

Flight  Ground Speed :\I:;?:;: Average
Test Range (m/s) (m) mAP
1 7.73-17.51 45.52 0.82
6.10-14.92 76.21 0.86
6.10-12.15 96.21 0.78
2 7.76-10.04 45.90 0.79
13.18-13.47 72.15 0.80
11.70-12.71 95.02 0.79
3 11.22-12.76 45.50 0.79
20.95-22.11 78.01 0.77
5.58-6.12 100.40 0.75
4 15.20-16.12 45.15 0.85
15.16-15.48 76.79 0.84
12.88-13.07 101.87 0.77
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Figure 14. Altitude Data Trial

As shown in Table 1, the altitude referred
to the vertical distance of an object from the
ground surface, calculated as the average across
all trials within the same distance category. mAP
(Mean Average Precision) reflects the model’s
detection accuracy, computed as the average
score (0—1 scale) across all iterations, with
values 20.8 indicating reliable detection. Default
Setpoint (e.g., 45 m, 75 m). Along with Table 1,
the average at each flight altitude is illustrated in
a graph shown in Figure 14.

Figure 14 presents the system's detection
performance across experimental flight tests. The
dataset comprises 16 measurements grouped
into 4 distinct flight trials, each representing one
of 4 predefined sample conditions. The graphical
representation employed a color-coded scheme:
blue (35-55 m test range), red (65-85 m), and
yellow (90-105 m). The performance average
evaluation in the test flight of the detection
system is conducted through quantitative
analysis using a set of standard metrics listed in
Table 2. Accuracy measures the overall
percentage of correct detections using the Recall,
Precision, and F1 Score.

As shown in Table 2, the flight tests
showed  strong but varying  detection
performance. The flight test results demonstrated
consistent detection performance across four
trials, with accuracy remaining high (0.89-0.92)
despite variations in other metrics. Recall showed
stability (0.80-0.87), while precision exhibits
greater fluctuation (0.71-0.89), particularly in
Test 3, where a precision drop to 0.71
corresponded with a reduced F1-score (0.84).

Table 2. Detection Accuracy Evaluation

F:;gsrt\t Recall Precision F1-Score = Accuracy
1 0.82 0.89 0.90 0.91
2 0.87 0.83 0.77 0.89
3 0.80 0.71 0.84 0.90
4 0.84 0.88 0.81 0.92

Figure 15. Detection of Another Oject Test

Notably, Test 2 showed an inverse
relationship between precision (0.83) and recall
(0.87), vyielding the lowest F1-score (0.77),
suggesting potential trade-offs between detection
sensitivity and false positives. Test 4 achieved
the most balanced performance with recall (0.84),
precision (0.88), and peak accuracy (0.92),
indicating optimal parameter tuning. The average
detection value accumulation from each test flight
will be used to analyze the appearance of
uncounted objects in Figure 15. (those not
originally included in the detection objects). The
table above displays average detection values
representing each test flight.

The mean Average Precision (mAP) is a
standard metric in object detection and
information retrieval tasks. It quantifies the overall
detection accuracy by averaging the Average
Precision (AP) scores across distinct classes or
queries. In the provided table, each row likely
corresponds to a specific class or query, with
Precision and Recall values either computed at
predefined thresholds or averaged across
multiple thresholds. Furthermore, this study
compared the performance of the proposed
model with baseline models (e.g., YOLOv3,
YOLOv4). Table 3 shows the performance
comparison.

Based on Table 3, the evaluation was
conducted by testing the pre-trained weights from
the baseline model. The YOLOv5 model
demonstrated superior performance, achieving
an mAP@50 of 0.95 and the lowest average loss
value of 0.10. This remarkably high mAP score
indicates that the model is not only highly
accurate at object identification but also effective
at detecting the majority of objects in the dataset.

Comprehensive analysis

This study investigates the processing
efficiency of a Jetson Nano-based CPU system
for high-altitude object detection.
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Table 3. Comparison Performance with Baseline

Table 4. Summary of A Comparison with an

Model Existing Study
Avg FPS (Inference References  Dataset Method Performance
Model — mAP@S0 | oo Speed) [33] Self  YOLOv5  mAP=0.73
YOLOv3 0.80 0.25 70 collected
YOLOv4 0.88 0.15 50 [25] Self YOLOV5 mAP = 0.76
Proposed collected
(YOLOVS5) 0.95 0.10 60 [34] Self YOLOv5s  mAP =0.87
collected
The proposed YOLOV5 implementation Proposed Selff ~ YOLOvS ~ mAP=0.88
demonstrates robust performance under elevated study collected
operational conditions, maintaining detection
accuracy despite computational constraints. To
assess the proposed method, a benchmark ACKNOWLEDGMENT
comparison was conducted against leading state- ~The authors gratefully acknowledge the
of-the-art models using similar experimental technical support and expert contributions

setups. The comparative analysis is defined in
Table 4.

As shown in Table 4, the proposed
YOLOv5-based architecture achieves enhanced
detection performance, with a mean average
precision (mAP) of 0.88, representing significant
improvements over comparable state-of-the-art
approaches. This 0.01 mAP enhancement over
the baseline YOLOv5s implementation (mAP
0.87) may appear modest, but it proves
statistically significant (p < 0.05).

CONCLUSION

This study presents critical findings from a
systematic evaluation of a YOLOv5-based
detection system implemented on a fixed-wing
UAV platform for identifying aerial-dropped
orange relief kits in disaster scenarios. The
system was specifically developed to facilitate
search-and-rescue  operations by reliably
detecting orange-colored aid packages in
affected areas. When deployed on a Jetson Nano
embedded system, the solution demonstrated
robust detection capabilities, with the YOLOv5
model successfully identifying rectangular orange
targets while achieving an 88% mAP score,
90.5% accuracy, 83.2% recall, 82.7% precision,
and an 83% F1 score. This research was
constrained by its experimental implementation
within  an urban environment, where the
designated drop-off areas were intentionally
positioned among residential structures. The
challenges posed by environmental interference
affecting detection performance were effectively
mitigated. Future work should expand the
experimental scope to diverse environments,
including rural, forested, and coastal regions, and
further develop the proposed method to enhance
the reliability of UAV technology in supporting
disaster mitigation efforts.

provided by the Robotics Research Group at
Universitas Ahmad Dahlan, Indonesia.
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