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Abstract

Unmanned Aerial Vehicle (UAV) imagery has become an indispensable resource for applications including traffic
surveillance, disaster management, and airspace monitoring due to its versatility, portability, and cost-
effectiveness. Nonetheless, object detection in UAV images remains a challenging task, largely because of small
object scales, complex and cluttered backgrounds, and high noise levels. This study introduces a novel object
detection framework based on YOLOvI0, a state-of-the-art model renowned for its efficient architecture and
superior detection accuracy. The proposed approach is specifically tailored for UAV aerial imagery, emphasizing
the enhancement of small object detection through advanced feature extraction and improved spatial reasoning.
By incorporating adaptive feature enhancement and deep semantic learning techniques, the model achieves robust
performance even under challenging imaging conditions. Moreover, leveraging convolutional attention
mechanisms, multi-scale detection heads, and optimized backbone architectures enables the system to capture
fine-grained details while sustaining real-time processing capabilities. Experimental results demonstrate that the
YOLOvI10-based framework provides accurate and reliable object detection in complex UAV scenarios,
highlighting its potential as a powerful tool for aerial image analysis.

Keywords: UAV Imagery, Object Detection, YOLOv10, Small Object Detection, Deep Learning, Computer Vision,
Multi-scale Detection, Attention Mechanism, Aerial Image Analysis

Introduction However, achieving real-time efficiency while
Unmanned Aerial Vehicles (UAVs), commonly maintaining high accuracy remains challenging.
referred to as drones, have attracted considerable Within this context, the YOLO (You Only Look
attention due to their versatility, cost-effectiveness, Once) series has emerged as a leading solution,
and capability to capture high-resolution imagery offering an effective trade-off between speed and
from multiple perspectives. UAVs are extensively precision. YOLOV10, the latest variant, incorporates
applied in domains such as traffic monitoring, architectural improvements that enhance feature
disaster management, agricultural surveillance, extraction, boost small-object recognition, and
military reconnaissance, and airspace oversight, optimize computation. With multi-scale detection
making aerial imagery an invaluable tool in modern heads, convolutional attention mechanisms, and an
technological and operational settings. optimized backbone, YOLOV10 is particularly well-
Despite their advantages, object detection in UAV suited for UAV imagery analysis.

imagery remains a challenging problem. Factors This study leverages YOLOvV10 to address UAV-
such as variable flight altitudes, cluttered and specific challenges in object detection. By
complex backgrounds, dynamic lighting conditions, integrating adaptive feature enhancement and deep
high image noise, and the small scale of objects in semantic learning, the framework aims to maximize
aerial scenes often degrade detection accuracy. detection accuracy, even in scenarios where
Conventional computer vision techniques frequently conventional approaches underperform. The system
fail under these conditions, necessitating the emphasizes fine-grained spatial understanding and
adoption of advanced deep learning methods. the identification of small-scale targets, providing
Recent developments in Convolutional Neural robust performance in complex aerial environments.
Networks (CNNs) and object detection frameworks Overall, this research explores YOLOv10’s

have improved detection performance significantly.

335



ISSN 2277-2685
IJESR/Jan-Mar. 2026/ Vol-16/Issue-1/335-344

T.Sai Srinivas Reddy et. al., /International Journal of Engineering & Science Research

potential as a scalable and efficient solution for
UAV-based object detection.

Scope of the Project

This research focuses on enhancing object detection
in UAV imagery using the YOLOv10 framework.
Key challenges addressed include detecting small
objects, handling cluttered backgrounds, and
maintaining performance under varying
environmental conditions. The system integrates
adaptive  feature  extraction and attention
mechanisms to capture fine-grained details across
diverse aerial scenes. Multi-scale detection heads
improve recognition of objects at different scales,
while real-time processing ensures applicability for
time-sensitive UAV operations. Evaluation is
performed across multiple UAV datasets to assess
robustness, with potential applications in traffic
monitoring, disaster response, and surveillance.
Ultimately, the study aims to develop a reliable,
efficient, and scalable object detection framework
for UAV platforms.

Objectives

The primary objectives of this research include:
Developing a robust object detection system
optimized for UAV imagery using YOLOvV10.
Enhancing small object detection accuracy through
adaptive feature enhancement.

Improving spatial understanding of complex aerial
scenes via deep semantic learning.

Minimizing false positives and increasing reliability

Lack of advanced feature pyramids and contextual
learning modules, limiting performance under
complex UAV scenarios.

Limitations of Existing Systems

Poor detection accuracy for small objects.
Limited feature representation capabilities.
High sensitivity to background noise.
Reduced generalization across diverse
environments.

Computationally heavy with suboptimal accuracy.
Literature Survey

1. YOLO-Drone: Airborne real-time detection of
dense small objects from high-altitude
perspective

Authors: L. Zhu, J. Xiong, F. Xiong, H. Hu, Z. Jiang
(2023)

Summary: Introduces YOLO-Drone with a novel
Darknet59 backbone and MSPP-FPN feature
aggregation to detect dense small objects. Uses
GIoU loss for better localization. Evaluated on
UAVDT and VisDrone datasets, achieving mAP
improvements of 10.13% and 8.59% at 53 FPS,
demonstrating effectiveness under challenging
lighting conditions.

2. Small Object Detection Based on Deep
Learning for Remote Sensing: A Comprehensive
Review

Authors: X. Wang, A. Wang, J. Yi, Y. Song, A.
Chehri (2023)

Summary: Provides a comprehensive survey of
small object detection methods in remote sensing

aerial

in noisy and cluttered environments. zimagery, 1nclud1.ng onec-istlage and two-lsta.lge
Ensuring real-time processing capabilities to etec‘Fors, attention modules, SUper-reso 1:1‘[1011
techniques, and feature pyramids. Highlights

support live UAV operations.

Validating YOLOvV10 performance against existing
state-of-the-art detection frameworks.
Demonstrating the framework’s generalization
across diverse UAV applications, including traffic
monitoring and emergency response.

Balancing computational efficiency with detection
accuracy for practical deployment.

Existing System

Previous approaches for UAV-based object
detection have primarily relied on earlier YOLO
versions (YOLOv3, YOLOv4) and lightweight
models such as YOLOv5n or YOLOv7-tiny. While
these models provide a reasonable balance between
speed and accuracy, they often struggle with small
object detection in high-resolution aerial images.
Challenges in these systems include:

Dense object distributions and varied object scales.
Cluttered or noisy backgrounds reducing detection
reliability.

Inadequate convolutional layers for capturing fine-
grained details.

Limited adaptive mechanisms to focus on relevant
features, essential for small targets.

common challenges and optimization strategies for
UAV applications.

3.Real-Time Detection for Small UAVs:
Combining YOLO and Multi-frame Motion
Analysis

Authors: J. Liu, L. Plotegher, E. Roura, C. de Souza
Junior, S. He (2024)

Summary: Proposes GL-YOMO, combining YOLO
with multi-frame motion analysis and Ghost
modules for enhanced small UAV detection.
Demonstrates improved temporal consistency and
accuracy in security-sensitive monitoring tasks.

4. YOLO-Tiny: A lightweight small object
detection algorithm for UAYV aerial imagery
Authors: F. Feng, L. Yang, Q. Zhou, W. Li (2025)
Summary: Optimizes YOLO-Tiny for small object
detection on UAVs, using lightweight dynamic
convolution and AMSFF for efficient feature fusion.
Shows significant mAP improvement with reduced
model size and GFLOPs.

5. A Novel Method of Small Object Detection in
UAYV Remote Sensing Images Based on Feature
Alignment of Candidate Regions

Authors: W. Li (2024)
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Summary: Introduces AFA-FPN for small object
detection with parallel channel and spatial attention.
Improves AP by 2.67%-17.19% and surpasses
YOLOv4 and YOLOV7, demonstrating robustness
in dense, multi-scale, and complex aerial scenes.
Proposed System

The proposed system leverages YOLOv1O0 for
automatic object detection in UAV aerial imagery.
The workflow includes image preprocessing
(resizing, normalization, data augmentation) to
improve robustness against scale variations,
occlusion, and complex backgrounds. YOLOv10’s
enhanced backbone, neck, and head components
extract multi-scale features and capture fine object
details, optimizing performance for small targets
commonly found in UAV imagery. The modular
design supports real-time operation, enabling
practical applications in traffic monitoring, disaster
response, and airspace management.

Advantages of the Proposed System

Enhanced small object detection accuracy.
Anchor-free and decoupled head architecture.
Efficient feature extraction with an optimized
backbone.

Robust  performance in  complex UAV
environments.
Lightweight design suitable for real-time
deployment.

Project Description

This project aims to develop an advanced object
detection framework for UAV aerial imagery using
the latest YOLOVIO architecture. UAVs have
become essential tools in applications such as traffic
surveillance, disaster management, environmental
monitoring, and security. However, detecting
objects in UAV-captured images presents
significant challenges due to small object sizes,
diverse flight altitudes, cluttered backgrounds, and
noisy imaging conditions.

To address these challenges, the proposed
framework integrates YOLOV10, a state-of-the-art
deep learning model that offers superior
architectural efficiency and improved detection
accuracy. Key features include multi-scale detection
heads and convolutional attention mechanisms,
which enhance recognition of small objects and
capture fine-grained details. Adaptive feature
enhancement techniques further strengthen feature
extraction and refine spatial understanding of
complex aerial scenes.

The system is designed to operate under varying
illumination, complex textures, and densely
populated regions often present in UAV imagery.
Real-time processing capability is a critical aspect,
making the framework suitable for time-sensitive
operations such as traffic monitoring, disaster
response, and emergency surveillance. The
proposed model is validated through experiments on
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UAV-specific datasets, and comparative analysis
with existing detection frameworks demonstrates
YOLOV10’s superior performance. By balancing
computational efficiency with detection reliability,
the framework provides a scalable solution for real-
world UAV applications, including airspace
management, defense, and smart city monitoring.
Ultimately, this project demonstrates the potential of
YOLOvVIO as a robust, intelligent, and practical
solution for UAV-based object detection.

2.2 Methodology

2.2.1 System Modules

The proposed object detection framework consists
of the following modules:

Input Data Module

Preprocessing Module

Segmentation Module

Feature Extraction Module

YOLOV10 Detection Module

Output and Visualization Module

2.2.2 Module Descriptions

Input Data Module:
This module is responsible for collecting and
organizing UAV imagery for detection tasks. It
supports datasets containing traffic scenes, disaster
zones, and surveillance areas. Images and video
frames are imported, formatted, and categorized into
training, validation, and testing sets. Ensuring data
integrity and proper distribution at this stage is
essential for reliable model performance.
PreprocessingModule:

Preprocessing enhances the quality and diversity of
UAV imagery. Operations include resizing,
normalization, and denoising to address variations in
scale and noise. Data augmentation techniques, such
as rotation, flipping, and brightness adjustment, are
applied to improve model robustness under different
UAV flight conditions. Preprocessing reduces
irrelevant background clutter while preserving
critical object details.

SegmentationModule:

Segmentation isolates regions of interest (ROI) to
focus detection on relevant areas. By filtering out
non-essential background, this module reduces false
positives and ensures small or distant objects are
preserved. Segmentation works synergistically with
preprocessing to highlight key visual features and
guide YOLOvV10 toward more accurate detections.
FeatureExtractionModule:

This module extracts hierarchical visual features
from UAV images using deep convolutional layers.
Both low-level (edges, textures) and high-level
(object shapes) features are captured, with particular
attention to small objects. Adaptive feature
enhancement techniques strengthen fine-grained
details and reduce redundant information, providing
enriched features that directly improve detection
accuracy.

YOLOv10DetectionModule:

The core module applies YOLOv10 for real-time
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object detection. It uses an optimized backbone for
efficient feature representation, multi-scale
detection heads for objects of varying sizes, and
convolutional attention mechanisms to focus on
relevant regions. The module outputs object classes,
bounding boxes, and confidence scores while
maintaining high inference speed, making it suitable
for UAV-based applications.
OutputandVisualizationModule:

This module visualizes detection results by
overlaying bounding boxes, labels, and confidence
scores on UAV images or video frames. Results can
be stored in structured formats for further analysis.
Evaluation metrics such as precision, recall, and
mean Average Precision (mAP) are also computed
to assess model performance, providing actionable
insights for UAV operators.

2.3 Techniques and Algorithms

2.3.1 Existing Techniques

Current approaches for small object detection in
UAV imagery primarily use earlier YOLO versions
(YOLOVS5, YOLOV7) or specialized variants such as
YOLO-Air. These models offer real-time detection
and reasonable accuracy, but they struggle with
small-scale objects in complex aerial images.
YOLO-AIr, for example, introduced SECAConv
(Squeeze-Excitation Convolution with Attention),
AeroFPN (Aerial Feature Pyramid Network), and
ASFM (Adaptive Scale Fusion Module) to enhance
feature representation and reduce noise. Despite
these improvements, limitations persist, including
shallow feature extraction, limited context-
awareness, and difficulty detecting extremely small
or occluded objects. Older backbone designs further
constrain precision and recall in dense aerial scenes,
necessitating exploration of more efficient and
accurate detection frameworks.

2.3.2 Proposed Technique — YOLOvI0

The proposed framework employs YOLOv10, a
one-stage object detector, for identifying and
localizing objects in UAV imagery. Images are
processed through convolutional layers in the
backbone network to extract hierarchical features,
which are then passed to the neck and multi-scale
detection heads. This architecture enables the model
to capture both global context and fine local details,
critical for small or partially occluded objects.
YOLOVI10 is trained via supervised learning using
labeled UAV  datasets, optimizing both
classification and bounding box regression
simultaneously. Key innovations include anchor-
free detection mechanisms and attention modules
that improve localization precision and suppress
background interference. The combination of multi-
scale feature fusion, adaptive attention, and efficient
computation enables YOLOV10 to deliver accurate,
real-time object detection in challenging UAV
scenarios.

Requirements Engineering
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The performance evaluation across multiple UAV
datasets demonstrates that the proposed system
achieves low error rates, attributable to the
discriminative power of extracted features and the
regression capabilities of the classifiers. When
compared to prior studies, the system delivers
competitive results, particularly in terms of accuracy
and robustness. This highlights the effectiveness of
the YOLOv10-based framework for UAV object
detection in complex aerial environments.
Hardware Requirements

Hardware specifications provide the foundational
support for implementing the system and serve as a
reference for system design. These requirements
describe what the system should accomplish rather
than the implementation details. The minimum
hardware configuration for the proposed system
Software Requirements

The software requirements define the expected
system functionality and provide a basis for design,
development, and project planning. These
requirements serve as a guideline for estimating
development costs, allocating resources, and
tracking progress. The software environment for the
project includes:

Functional Requirements

Functional requirements specify the actions that the
system must perform. In this project, the system is
designed to:

Accept UAV-captured images and video frames as
input.

Perform  preprocessing, including resizing,
normalization, and data augmentation.

Segment regions of interest to focus detection on
potential object areas.

Extract multi-scale and hierarchical features for
accurate object recognition.

Apply YOLOVI1O0 to detect and classify objects in
real-time, producing bounding boxes, confidence
scores, and class labels.

Visualize and store detection results for further
analysis.

The system ensures semantic consistency in object
detection and supports secure processing of UAV
imagery for operational use.

Non-Functional Requirements

Non-functional requirements describe system
attributes, performance, and operational constraints.
The major non-functional requirements of the
proposed UAV object detection system are
summarized as follows:

Usability:

The system is designed to operate with minimal user
intervention, providing a fully automated pipeline
from data input to detection output.

Reliability:

Leveraging Python’s robust ecosystem and the
YOLOvV10 architecture, the system delivers
consistent and dependable detection performance
under varying UAV operational conditions.
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Performance:

The system is optimized for high-speed execution,
ensuring real-time object detection with minimal
latency. Advanced back-end processing and
efficient feature extraction contribute to rapid
response times for end users.

Supportability:

The framework is platform-independent and
supports  cross-platform  deployment. It s
compatible with a wide range of hardware and
software environments, ensuring flexibility in
operational settings.

Implementation:

The system is implemented using Jupyter Notebook
as the development interface. Windows 10
Professional serves as the primary operating
platform, while the server handles computation-
intensive tasks, including feature extraction and

intuitive platform for monitoring real-time UAV
detection results.

Design Engineering

Design engineering in software development
involves creating meaningful representations of a
system before implementation. It serves as a bridge
between requirements engineering and system
construction, translating functional specifications
into a blueprint for software development. Effective
software design ensures quality, scalability, and
maintainability, forming the foundation for robust
system implementation. In this project, design
engineering focuses on modeling the proposed UAV
object detection system using Unified Modeling
Language (UML) diagrams and system architecture
representations.

UML Diagrams

YOLOVI10 inference. The user interface provides an

Use Case Diagram

Data Collection

Data Preprocessing

Feature Engineering

Data Splitting \
/ >
Model Training
Model Evaluation

User Interface

i

>+O

Delection Result
Explanation:

The use case diagram illustrates the interactions
between system actors and the functions performed
by the system. In the proposed UAV detection
framework, the primary actor is the user, who

interacts with the system to initiate object detection,
visualize results, and manage data inputs. Use case
diagrams help identify the responsibilities of each
actor and ensure comprehensive functional
coverage.
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Class Diagram

Data Collection Data Preprocessing Feature Engineering
&collect marine debris dataset &preprocess | &yami
@Data analysis() dataprocess() | @yaml-contents()
Model Evaluation Model Training [7Building'YOLO\f10 \ Data‘ Sl
= &yolo.ptweights Sultralytics &split
Sond() Htesting()
Hestatal) o) Ponnx() training()
s Irﬁe od Object Detection Result
: &Boundingboxes
&pdesign &Labels
¥
[ MAESY) Soutput()

Explanation:

The class diagram represents the structure of the
system by defining classes, their attributes, methods,
and relationships. In this project, it models the key
components of the UAV detection system, including

data preprocessing, feature extraction, YOLOv10
detection, and result visualization modules. This
diagram provides a clear overview of how system
components interact to achieve reliable object
detection.

Object Diagram

Data Collection

Data Preprocessing

Feature Engineering

Model Evaluation Model Training

N|
Building YOLOV10 Data Split

|

é

User Interface

— Object Detection Result

Explanation:

Object diagrams offer a snapshot of the system at a
particular moment, showing instances of classes and
their relationships. In this project, the object diagram
illustrates the flow of data between system modules,
demonstrating how images are processed, features
extracted, and detection results generated. This
provides insight into runtime behavior and system
interactions.

State Diagram

Explanation:

State diagrams depict the dynamic behavior of the
system by representing states, transitions, and
events. They model workflows, decision points,
iteration, and concurrency. In the UAV detection
system, the state diagram captures the transition of
data from input acquisition to preprocessing,
detection, and output visualization, ensuring a
structured understanding of system behavior.
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Activity Diagram

?

Data Collection
Data Preprocessing

Feature Engineering

Building YOLOv10
Model Evaluation

Explanation: shows the overall data processing pipeline,
Activity diagrams graphically represent step-by-step including image input, segmentation, feature
workflows of system processes, highlighting the extraction, YOLOvIO inference, and result

sequence of actions, iterations, and parallel visualization. It provides a clear overview of control
activities. For this project, the activity diagram flow and task execution.
Sequence Diagram

Data Collection Data Feature Data Split Building Model Taining Mode User Interface Detection
Preprocessing Engineering YOLO10 Evaluation Result
| | |
| Dataset data | }
|
|
i |
| |
| | 1
! Extacting }
g |
|
|
Apply }
/I-J !
|
H 1 1
Evaluating the model
Test }
i
passiqg test data to get ‘a result,
using YOLO
yaml content L
T
H !
yaml content with no of clasess
T
|
|
|
|
|

Explanation:

Sequence diagrams illustrate how objects interact
over time to accomplish a particular function. In the
proposed  system, the sequence diagram
demonstrates the interactions between modules for

processing UAV imagery—from data input through
detection to output generation—emphasizing the
order of messages exchanged between system
components.

Collaboration Diagram
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2: Extacting
Data | > Feswe
Collection Engineering

. 8: yaml content
1. Dataset data —7

/

/
9: yaml cont?;t with no of clasess

Data.
Data Spiit
Preprocessing
£
3: Apply
Model Building
Evaluation YOLO10
< /
| 7: using YOLO Model 15 Test
4: Evaluevting the model Taining

6: passing test data to get a result,

— Detection
Usi,,ffff****’w
Interface
Explanation: project, it highlights how different modules, such as
Also called a communication diagram, the preprocessing, feature extraction, and detection,
collaboration diagram represents the relationships

communicate to
and interactions among software objects. For this

process efficiently.
Component Diagram

Data Collgction Data
 — Preprocessing

: Model Buliding
ModelE valuatin
g P % Trainng <[£é YooV

\
|
1
1
|
|
i
|
|
|
|
|
|
1
|
|

v

Model

User
Deployment

Detection
e teface | - > Result

Component diagrams depict the organization and
dependencies of software components. In this UAV
detection system, components such as

handling, preprocessing, YOLOv10 detection, and

Explanation:

R —

complete the object detection

Feature Enginegring

\
\

Data Spit

visualization are interconnected. The diagram shows
how user queries are processed, disseminated to
relevant modules, and aggregated for final output.
input Arrows indicate dependencies between components,

clarifying the overall system structure.
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Deployment Diagram

Data

Data
Collection

Model
Training

Model
Evaluation

Explanation:

Deployment diagrams specify the physical hardware
and software configuration required to execute the
system. For the UAV detection framework, the
deployment diagram maps software components to

Preprocessing

Buliding
YOLO V10

User
Interface

Feature
Engineeering

Data
Split

Prediction
Result

hardware devices such as UAVs, processing servers,
and user interfaces. It shows how modules are
distributed across computing resources, ensuring
efficient execution of real-time detection tasks.

System Architecture

—| YOLOv10

Perform
ance
Analysis

Predicting
the objects

N
N——
Drone |—> Pre-'
Object processing
Dataset and
Feature
N—
Explanation:

The system architecture integrates all components of
the UAV detection framework into a cohesive
structure. UAV-captured images are first
preprocessed and segmented to highlight regions of
interest. Features are then extracted using deep
convolutional layers before being passed to the
YOLOVI10 detection module. Detected objects are
classified, and results are visualized in real-time.
The architecture is modular, enabling scalability,
high performance, and efficient handling of complex
UAYV imagery. This structured design ensures that
the system maintains accuracy while supporting
real-time detection for practical applications such as
traffic monitoring, disaster management, and
surveillance.

System Architecture Diagram (illustrates the flow
from UAV input — preprocessing — feature
extraction — YOLOvVIO detection — output
visualization).

Conclusion

This study presents a YOLOv10-based approach for
detecting small objects in UAV imagery, addressing
the unique challenges posed by aerial data such as
small object sizes, cluttered backgrounds, and
environmental noise. By integrating adaptive feature
enhancement, deep semantic learning, and multi-
scale detection heads, the proposed framework
demonstrates improved accuracy and robustness in
detecting fine-grained objects. The optimized
backbone architecture and attention mechanisms
allow the model to capture subtle details without
compromising real-time processing, making it
highly suitable for applications like traffic
monitoring, disaster management, and aerial
surveillance. Experimental results indicate that the
YOLOvVI10-based system outperforms traditional
detection methods in UAV scenarios, highlighting
its potential as a practical and efficient solution for
small object recognition in aerial imagery. Future
work may focus on integrating temporal information
from video sequences and exploring lightweight
versions of YOLOV10 for deployment on resource-
constrained UAV platforms.
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