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Abstract

Small object detection in aerial images remains a significant challenge due to low-resolution instances, sparse object distribu-
tion, and the lack of large, diverse datasets. These limitations reduce the accuracy and generalization ability of modern object
detection algorithms. To address this, we first propose a three-tier systematic framework for optimizing data augmentation
strategies, which includes (1) dataset analysis, (2) definition of augmentation objectives, and (3) systematic selection of
techniques based on identified challenges. Building upon this framework, we propose a data augmentation pipeline designed
to enhance small object visibility, improve dataset balance, and increase model robustness. The proposed pipeline consists of
two primary stages. The first stage performs image segmentation and cropping, dividing images into smaller segments and
applying localized zoom-in and center-cropping techniques. This stage selectively retains only segments with high object
density, discarding empty or irrelevant regions, thereby increasing the object-to-image ratio. The second stage involves object-
centric image resizing and augmentation, which standardizes input dimensions while maintaining enhanced object clarity and
scale, ensuring compatibility with convolutional neural networks (CNNSs). The effectiveness of the pipeline is validated using
YOLOvV8m on two datasets AI-TODv2 and SODA-A. The results demonstrate substantial improvements in performance
metrics, including a +15.9% AP@0.5 on AI-TODvV2 and a 23.6% increase in SODA-A using YOLOv8m. But only the class
‘ship” in AI-TODvV2 showed a decline. Notably, in both datasets, the average precision (AP) of the classes has improved,
highlighting the effectiveness of the proposed pipeline in enhancing the detection of hard-to-detect classes. These results
confirm that our augmentation strategy significantly improves detection accuracy and recall for small objects in aerial scenes,
overcoming the limitations of sparse, dense, and imbalanced datasets.
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1 Introduction

Image understanding is a core issue in computer vision
that can be dealt with classification, recognition, localizing,
and, more importantly, detection of objects [1-3]. The term
“object detection” refers to an activity that typically consists
of several subtasks, like ‘facial detection’, ‘pedestrian detec-
tion’, and ‘small object detection’ [4]. Small object detection
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has significant importance due to its real-world application
[5] including autonomous driving [6, 7], surveillance [8],
unmanned aerial vehicles [9] and satellite image analysis
[10, 11]. Due to its practical application, it is crucial to detect
objects quickly and efficiently for effective decision-making.
Even though there have been significant advancements in
generic object detection, small object detection research,
especially in aerial images, has progressed somewhat slowly.
More specifically, even for the most advanced detectors, there
is still a significant performance gap between the detection of
small- and normal-sized objects specifically in aerial images
due to many reasons, like incomplete information, occluded
objects, lack of authentic definition and the lack of large-
scale datasets for the detection of small objects [12—15]. The
detection of small objects becomes more challenging in the
aerial images dataset [16].
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We have noticed that objects in aerial imagery often
exhibit distinct spatial distributions, either sparsely located
or densely clustered within specific regions, while large por-
tions of the images frequently contain few or no objects, as
can be seen in Fig. 1. This Fig. 1 shows that the dataset
has the challenges of scattered and sparse objects; some
images contain only a single object or vast areas with-
out any objects, often causing the training model to miss
these objects. This uneven distribution poses challenges
even for advanced detection models, often leading to mis-
detections or inaccuracies. Furthermore, publicly available
aerial datasets lack the scale and diversity required to effec-
tively train advanced object detection algorithms, limiting
their potential for robust performance and generalization.
Researchers need large datasets specifically for small-scale
object detection to evaluate the performance of object detec-
tion algorithms [17-19]. Image augmentation approaches are
one of the solutions to deal with data scarcity and dataset
quality, but researchers are also believed to pay less atten-
tion to generating data augmentation approaches for small
object detection compared to other computer vision issues
due to their complex structure and the absence of a specific
framework on the optimal number or combination of aug-
mentation approaches to apply [20]. Researchers often rely
on various traditional augmentation techniques as part of a
preprocessing pipeline to improve dataset quality, typically
through a trial-and-error approach. However, there is a gap
in the literature regarding the understanding of why specific
traditional image augmentation methods are chosen. The rea-
soning behind these choices is often unclear and needs to
be explicitly addressed. However, the lack of a standardized
framework or best practices for selecting and implementing
augmentation approaches creates inconsistency and hinders
reproducibility in studies. Therefore, to mitigate this, there
must be a well-defined framework for utilizing traditional
image augmentation approaches.

Image augmentation approaches are primarily dataset-
agnostic and applied without explicit linkage to dataset-
specific limitations. Consequently, two major issues persist:

e Reproducibility: Without a structured guideline, researche

1s replicate prior augmentation strategies inconsistently.

e Optimization of augmentation choices: The absence of
a principled selection process often results in the use of
redundant or suboptimal transformations, wasting com-
putational resources.

1.1 Contribution
To address these challenges, this paper aims to propose a
framework for researchers to optimize the use of traditional

image augmentation approaches. The framework is based
on the common limitations present in the aerial datasets,
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enabling more informed augmentation choices. The frame-
work introduces a systematic three-tier process that explicitly
links dataset limitations to augmentation objectives and tech-
nique selection. Additionally, it provides a systematic aug-
mentation pipeline developed for the proposed framework,
specifically designed to enhance the detection performance
of small objects. The main contributions described in this
paper are as follows:

e Provides a framework for researchers to optimize the
use of data augmentation approaches, eliminating the
reliance on trial-and-error methods. The dataset’s limi-
tations are used as a baseline to systematically select the
most effective traditional augmentation approaches.

e A data augmentation pipeline is proposed to validate
the effectiveness of the framework, demonstrating its
applicability in addressing the challenges associated with
small object detection dataset and enhancing model per-
formance.

e Extensive experimentation is conducted on the Al-
TODv2 [21] and SODA-A [19] image dataset, where
the proposed approach demonstrated improved perfor-
mance. Experiments conducted with YOLOv8m model
demonstrate substantial gains in recall and AP@0.50.

1.2 Paper structure

The subsequent sections of this paper are arranged as outlined
below. Section 2 reviews previous work, highlighting dataset
limitations, and describing the augmentation approaches pro-
posed to address these challenges in the domain of small
object detection. Section 3 outlines the paper’s methodol-
ogy. A detailed three-tier systematic framework is presented,
along with a data augmentation pipeline designed on the
basis of this framework. Section 4 presents the experi-
mental methodology and results. The section details the
datasets, evaluation protocols, and implementation environ-
ment, followed by performance evaluations, ablation studies,
and visual analyses demonstrating the effectiveness of the
proposed augmentation pipeline for small object detection.
Section 5 summarizes the study, highlighting the proposed
three-tier framework and the augmentation pipeline for small
object detection (SOD). It reports improved performance on
AI-TODv2 and SODA-A, while acknowledging limitations
such as hardware constraints and challenging low-resolution
images. Finally, it outlines future directions, including incre-
mental learning and strategies to enhance generalization.

2 Previous work

Small object detection (SOD) is inherently challenging due
to the limited visual information present in low-resolution
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Fig.1 AI-TODv?2 highlights the challenges of scattered and sparse objects, with some images containing only a single object or vast areas without

any objects

objects. The definition of ‘small’ varies across studies, but
in the context of images, it typically refers to the number
of pixels that an object occupies [22]. According to [23], a
vehicle of 20 x 12 pixels is hard to detect because of its small
size in an image. Tiny objects have less than 16 x 16 pixels in
size [24]. Instances that occupy less than 50 pixels in height
and width are considered small objects [25, 26]. Compared to
larger objects, small objects have a low pixel count, are not
interpretable, and easily fuse with their backgrounds [12].
Although various definitions of ‘small objects’ exist, their
effective detection hinges not only on advanced algorithms
but also on the availability of datasets specifically designed
for this purpose.

Despite the central role of datasets in the advancement of
SOD, most widely adopted benchmarks exhibit structural
limitations. The COCO dataset [27], though widely used
in object detection research, is not tailored for small object
detection, as it predominantly features larger objects, limiting
its suitability for addressing specific challenges for smaller
object instances. The DOTA dataset [3] exhibits an uneven
distribution of small objects, highlighting a lack of balanced
representation across object scales. The UAVDT dataset [28],

with 27.5% small object instances, demonstrates limited
applicability to broader aerial scenarios. Similarly, the DIOR
dataset [26] faces challenges due to its long-tail distributions
and clustered object classes, while the VEDAI dataset [29]
lacks diversity in object scales and environmental variations.
Although the VisDrone dataset series [30—33] incorporates
varying densities and environmental conditions, it remains
predominantly drone-centric, limiting its generalizability to
other aerial contexts. This study [34] introduces a dataset
for aerial person detection in search and rescue tasks. It dis-
cusses the key challenges of aerial datasets, such as sparsity,
scale variation, and visibility in adverse conditions. More
recently, AI-TOD [21] and SODA-A [19] were introduced
to specifically address the scarcity of tiny objects. However,
even these datasets face sparsity, clustering, and background
imbalance issues. The challenges associated with datasets are
common and remain a significant barrier to achieving high
accuracy in small object detection. For example, Zhang et
al. [35] addresses the problem of balancing accuracy and
speed for person detection. Furthermore, the creation of
new specialized datasets is often prohibitively expensive and
time-consuming, making it impractical for many researchers.
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In response to these dataset constraints, data augmen-
tation approaches have been extensively employed as a
cost-effective solution to address dataset limitations, enhance
diversity, and improve detection accuracy. Numerous prior
studies have focused on improving the detection performance
of small objects through the application of various aug-
mentation approaches. Traditional augmentation approaches
and synthetic transformations have been widely utilized
to enhance dataset diversity and improve detection perfor-
mance. For instance, Junos et al. [36] employed brightness
transformation, rotation, blurring, and motion blur to syn-
thetically expand a palm oil fruit dataset, increasing the
dataset size from 700 to 6300 images. Similarly, Psiroukis et
al. [37] applied augmentation techniques to georeferenced
ortho-mosaic images, leveraging transformations to clas-
sify broccoli heads based on maturity levels. Additionally,
Wang [38] utilized scaling, contrast enhancement, flipping,
and rotation as preprocessing techniques to address chal-
lenges in small object detection, demonstrating significant
improvements in accuracy by enriching the dataset and
overcoming feature extraction limitations. Zhu et al. [39]
combined Mosaic, MixUp, and conventional techniques
(cropping, translation, rotation) on TPH-YOLOVS for the
VisDrone2021 dataset. These approaches underscore the
effectiveness of traditional and synthetic transformations in
addressing dataset scarcity and improving model perfor-
mance. These methods demonstrate consistent performance
gains but remain largely generic and lacking dataset-specific
adaptation.

In another paper, the SeaDronesSee Object Detection v2
dataset [40] has the challenges of limited data availability and
imbalanced datasets, with a focus on out-of-scale instances.
To address these issues, the system generates new inputs
considering the dataset imbalance and utilizing existing
instances. New images are created by combining instances
from different training set images, excluding the major-
ity class instances to avoid further imbalance. Randomly
selected minority class instances with matching perspectives
are incorporated into the new image. Measures are taken to
prevent overlapping instances and position them below the
highest instance in the original image, ensuring a realistic
image [41]. Cropping and scaling strategies have been effec-
tively used to address challenges related to dataset limitations
and overfitting. Deng et al. [42] and Zhao et al. [43] focus on
dividing images to address dataset limitations, with [43] inte-
grating test-time augmentation for added performance gains.
In contrast, Gao et al. [44] used random cropping and expan-
sion to enhance dataset diversity, achieving notable detection
accuracy. Although all approaches tackle dataset constraints,
the method [43] emphasizes multiscale testing, while [42,
44] focus primarily on reducing overfitting and increasing
instance variety.
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Beyond image-level transformations, instance-level aug-
mentation techniques have emerged to address dataset
imbalance and small object sparsity more directly. Zhan et
al. [33] introduced the ECopy-Paste method, which mitigates
issues such as limited annotated data, brightness imbalance,
and small target representation in the VisDrone2019-DET
dataset, achieving improved detection performance. Kisantal
et al. [5] similarly utilized copy-paste augmentation, where
tiny objects from segmented masks were duplicated and mod-
ified before being randomly placed within the same image,
enhancing training data diversity in the MS-COCO dataset.
Expanding on these concepts, Chen et al. [45] and Ye et
al. [46] proposed the Stitcher technique, which focuses on
stitching image parts with a higher density of small objects
to address dataset imbalance effectively. These approaches
offer targeted augmentation by increasing small object visi-
bility and addressing class imbalance without extensive new
data collection.

More sophisticated compositional methods, such as Mosa
ic and adaptive cropping, offer additional improvements
by synthesizing new scenes from multiple source images.
Bochkovskiy etal. [47] pioneered Mosaic and Self-Adversarial
Training (SAT), creating composite images and altering
features to improve model generalization. Wei et al. [48]
extended these ideas by integrating Adaptive Cropping,
Mosaic, and Mask Resampling to tackle scale variation
and sparsity in aerial datasets. Duan et al. [49] further
refined Mosaic, focusing on detecting and merging clus-
ter regions for improved small object detection, while [50]
combined Mosaic with Geometric Transformations to enrich
datasets for defective chip detection. Collectively, these
approaches demonstrate the adaptability of Mosaic tech-
niques across diverse datasets, with each method addressing
specific challenges such as sparsity, clustering, and object
scale variation. VTSaRNet [51] introduces a transformer-
based RGB-T framework with instance-level copy—paste and
mosaic augmentation for aerial person detection in complex
SaR scenarios, achieving high precision and recall. However,
it relies on multimodal data and heavy architectures.

The studies mentioned above have explored data aug-
mentation to improve performance of detectors, highlighting
performance gains but lacking guidance on selecting opti-
mal augmentation approaches under data scarce conditions.
This study [52] proposes a framework to guide the selection
of appropriate image augmentation approaches for qual-
ity inspection tasks in data-scarce scenarios, demonstrating
significant improvements in detection accuracy and loss
reduction using pixel-level transformations. But still [52]
uses the error and trial method to figure out the optimal selec-
tion of approaches.

While previous studies have explored various augmen-
tation approaches to address the challenges of small object
detection, they lack systematic frameworks that explicitly
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connect dataset limitations to augmentation choices. This
paper builds on previous efforts, addressing this gap by intro-
ducing a systematic augmentation framework specifically
designed for small object detection in aerial image dataset.
By proposing a framework and a pipeline for data augmenta-
tion, our approach seeks to optimize dataset preparation and
improve detection accuracy, setting a foundation for more
robust and reproducible research in this field.

3 Methodology
3.1 Framework

To address the challenges of small object detection, this paper
presents a systematic framework for researchers to optimize
data augmentation approaches, eliminating the reliance on
trial-and-error methods shown in Fig. 3. Aerial datasets’ lim-
itations are used systematically as a baseline to ensure that
only the most effective techniques from traditional augmen-
tation approaches are applied. The following are the steps:

1. Analyze dataset limitations
A thorough analysis of the dataset is essential to under-
stand its inherent limitations. Key characteristics such as
object size, object-to-image ratio, object density, class
distribution, etc. should be evaluated. Common chal-
lenges, such as sparse or densely clustered objects, noisy
labels, missing annotations, and background clutter, must
be identified. These limitations serve as the foundation
for selecting augmentation approaches that can address
specific weaknesses in the dataset. Dataset limitations are
the main cause of the performance degradation. Table
1 shows the common limitations of aerial datasets that
effects small object detection accuracy. While, Table 2
highlights how these common problems are distributed
across major aerial datasets, demonstrating that most
datasets share overlapping challenges such as low reso-
lution, sparsity, scale imbalance, and background clutter.
Moreover, an analysis of dataset SODA-A shown in Fig. 2
indicates that the dataset is characterized by small object
sizes and high object density.
2. Define Augmentation Objectives

Clearly defining the objectives of data augmentation
is crucial for achieving meaningful improvements. The
augmentation objectives should address the challenges
identified during the dataset analysis and align with the
goals of small object detection. Objectives may include
enhancing the visibility and prominence of small objects,
increasing dataset diversity by introducing variations
in object orientation, lighting, and occlusion, balanc-
ing object-to-image ratios by addressing sparse or dense
object regions.

3. Systematic Selection of Augmentation Approaches

The selection of augmentation approaches must be sys-
tematic and based on the dataset’s limitations and defined
objectives. Techniques should be chosen to directly
address identified challenges, avoiding redundancy or
unnecessary complexity. For instance, methods that
improve object visibility or balance the dataset’s object-
to-image ratio are prioritized. Each selected technique
should be evaluated for its scalability and potential to
enhance the dataset’s utility.

Based on this framework, an augmentation pipeline is pro-
posed, with each stage putting the framework steps into
practice as described in the following Sect. 3.2.

3.2 Proposed pipeline for data augmentation for
small object detection

This section presents the proposed framework developed
based on a three-tier framework comprising: (1) dataset
analysis, (2) augmentation objective definition, and (3) sys-
tematic selection of augmentation approaches. According to
the above framework, the steps for dataset analysis, the study
selected the AI-TOD and SODA-A datasets. The AI-TOD
dataset is a dataset that is specifically generated for small or
tiny object detection, consisting of a total of 28,036 images.
The average size of the instances in the images is 12.8 pixels.
They are randomly distributed in the aerial images. But most
areas of the images have empty spaces where there are either
few objects or no objects due to the scattered distribution of
objects in the dataset, resulting in a high percentage of empty
spaces in the images. This characteristic of the dataset could
present challenges for detection algorithms as they may miss
certain target objects, particularly in areas with low object
density. The high percentage of empty space in the images
may also lead to detection algorithms being biased towards
detecting objects in denser areas and overlooking objects in
sparser areas. This is a critical consideration when design-
ing models for object detection using this dataset. Another
notable feature of the AI-TOD dataset is that it is a small-
scale dataset that may restrict the accuracy and performance
of models. SOTA models need more and more data for train-
ing purposes to perform well, as they are significantly rely on
the capacity to generalize from a wide range of instances. As
such, it may be necessary to supplement the dataset with addi-
tional images to ensure optimal performance of algorithms
in object detection tasks.

To address the identified limitations of the AI-TOD
dataset, the following augmentation objectives have been
defined to guide the design of the proposed framework. First,
the framework aims to enhance the visibility of small objects
by increasing their mean size, thereby making them more
detectable by object detection models. Second, it seeks to bal-
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Fig.2 Object size distribution in SODA-A—small and dense objects

Table 1 Common limitations of aerial datasets affecting small object detection

Limitation Description

Underlying causes

Impact on detection performance

Low object resolution [53] Small objects occupy very few

pixels, often <16 x 16 in size

Sparse object distribution [54]  Objects are scattered with large

background areas

Scale imbalance [55] Disproportionate number of large

versus small objects

Background clutter [56] Complex textures and structures

around target objects

Background occlusion [57] Small objects are partially or fully
blocked by surrounding

structures or objects

Annotation noise or gaps [5S8]  Incomplete, inconsistent, or

inaccurate object annotations

Clustered small objects [59] High-density object groups in

limited spatial regions

Environmental variability [60]  Illumination changes, fog, haze,

and shadows across images

High-altitude imagery, sensor
resolution limitations

Wide-area aerial views; infrequent
target appearances

Unbalanced annotation; natural
object diversity

Urban environments, vegetation,
road markings

Overhead view limitations; dense
urban environments; natural
occluders (trees, buildings)

Manual labeling errors; small
object visibility challenges
Events, traffic scenes, or object

congregation scenarios

Different times of day, seasons, or
weather conditions

Loss of semantic detail; poor
feature extraction

Underfitting; poor generalization
due to insufficient positive
samples

Model bias toward dominant object
sizes; degraded small object
recall

Object-background confusion;
false positives or missed
detections

Incomplete feature visibility;
missed detections or false
negatives

Impaired supervision; model
confusion during training

Overlapping detections; NMS
suppression issues

Domain shift; decreased robustness
under unseen conditions

ance the object-to-image ratios by reducing the influence of
empty or sparsely populated regions and focusing on object-
dense segments of the images, thus minimizing bias and
improving model performance. Third, the framework strives
toincrease dataset diversity by expanding the dataset size and
introducing variations in the orientation, resolution, and con-
tent of objects, enhancing the generalizability of the detection
models. Finally, it aims to improve dataset utility by standard-
izing image dimensions while preserving enhancements in
object visibility, ensuring compatibility with Convolutional
Neural Networks (CNNs). These objectives are carefully
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designed to directly address the dataset’s challenges and align
with the overarching goals of small object detection research.

The proposed framework systematically uses augmen-
tation approaches that align with the defined objectives,
ensuring targeted and efficient enhancements to the dataset.
The framework comprises two main stages.

3.2.1 Image segmentation and cropping

The first stage of the proposed framework focuses on image
segmentation and cropping. It is designed to increase dataset
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Fig.3 Three-tier framework for selecting augmentation approaches: dataset analysis, objective definition, and systematic selection
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Fig.4 Proposed data augmentation pipeline for AI-TODv2: (1) Image segmentation and cropping, (2) Object-centric image resizing
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size and the prominence of the object. This is achieved by
dividing each image into four equal segments based on its
dimensions. For an image with dimensions X x Y, this pro-
cess involves halving the dimensions along both axes. For
example, an image of 1000 x 1000 pixels is divided into four
segments of 500 x 500 pixels each. The segmentation pro-
cess involves splitting the image horizontally at its midpoint
to create two parts of (X x Y)/2 pixels. Further splitting each
of these parts vertically at their midpoints yields four parts of
X /2 x Y /2 pixels. These smaller segments allow localized
application of augmentation approaches, specifically zoom-
in and crop augmentation. The zoom-in operation magnifies
each segment by 25%, increasing the resolution and enhanc-
ing the visibility of smaller objects.

Following this, a center-cropping operation is applied to
retain only the most object-dense regions within the magni-
fied segments. Segments containing no objects are discarded.
The image was divided into four equal parts to generate
additional training samples and to ensure that no region of
the original image was omitted. This strategy also increases
the object-to-image ratio, allowing small objects to occupy a
larger proportion of the cropped images, thus improving their
visibility during training. A fixed 25% zoom-in factor was
applied to further enlarge small objects while maintaining
sufficient contextual information. This is done to ensure that
a dataset is enriched with meaningful content. This selective
cropping also increases the object-to-image ratio, improving
the dataset’s suitability for small object detection tasks.

3.2.2 Object-centricimage resizing and augmentation

The second stage involves object-centric image resizing
and augmentation. This stage standardizes the dataset and
emphasizes regions of interest. After segmentation and aug-
mentation, the retained image segments are resized to fixed
dimensions compatible with the input requirements of Con-
volutional Neural Networks (CNNs). This resizing preserves
the relative magnification achieved in the zoom-in phase. It
also ensures consistent input sizes for model training.

Crucially, only segments with a higher density of small
objects are retained for resizing, while those with no objects
are excluded. This targeted approach optimizes the dataset
by increasing the representation of small objects. As a result,
it effectively raising the small object ratio from its current
79% to an anticipated 90%—95%. Furthermore, the resizing
operation amplifies the absolute mean size of objects. It is
particularly critical for datasets with small object instances.
This ensures that the model can better focus on and learn
from small objects during training.

Figure 4 serves as a graphical representation of the
proposed pipeline. It illustrates the steps involved in gen-
erating an augmented dataset. This visual aid offers valuable
information about the step-by-step process. It helps readers

understand the procedures involved in generating the aug-
mented dataset. The proposed data augmentation pipeline
for small object detection is applied to the two datasets: Al-
TODv2 and SODA-A. The pipeline consists of two main
stages: “Image Segmentation and Cropping” and “Object-
Centric Image Resizing”. These steps are repeated for each
image to generate an augmented or synthetic dataset for bet-
ter model training.

4 Experiment details

In this section, we address the datasets, evaluation met-
rics, and implementation details to validate the proposed
approach.

4.1 Dataset

The experiments are conducted on AI-TOD and SODA-A,
two benchmark datasets for small-object detection in aerial
imagery.

4.1.1 AI-TOD

Tiny Object Detection in Aerial Images [12] is specially
released for small and tiny object detection consisting of
28,036 high resolution aerial images with 700,621 objects
for 8 classes (airplane, bridge, storage tank, ship, swimming
pool, vehicle, person and wind mill). The average instance
dimension in this dataset is roughly 12.8 pixels, which is
significantly less than other available datasets for detection
of small and tiny objects in aerial images. Furthermore, this
dataset has been relabelled due to noisy labels, missing anno-
tations, severe class imbalance, and location errors [21]. Due
to the unavailability of the test set, the results are reported in
the validation set.

4.1.2 SODA-A

Small Object Detection dAtasets (SODA)-Aerial [19] con-
sists of 2510 high-resolution aerial images with around
2.5M annotated objects across 9 traffic-related categories
(people, rider, bicycle, motor, vehicle, traffic sign, traffic
light, traffic camera, and warning cone). suffers from class
imbalance (e.g., few helicopter samples), extreme object
density/occlusion, and limited classes (9 only). Its orien-
tation annotations can be ambiguous at tiny scales, and
medium/large objects are ignored.

4.2 Evaluation metrics

We adopt the COCO [27] evaluation protocol, using Average
Precision (AP) and Average Recall (AR) to assess detec-
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Table 4 Hardware and software configurations used in the experiment

Component Specification

GPU type NVIDIA Tesla T4 (16 GB VRAM)
GPU runtime limit Max 12h per session

CPU 2 vCPUs

Memory 16GB RAM

Storage ~70-80GB

Batch size 4

Python version Python 3.10

PyTorch Pre-installed (PyTorch 2.0+)
MMCV Installed manually

CUDA Default with Colab

Optimizer Stochastic gradient descent (SGD)
Learning rate 0.01

Momentum 0.937

Weight decay 0.0005

Training epochs 100

Dataset access Mounted from Google Drive

Pre-trained weights Initialized from YOLOv8m

tion performance. The overall AP is the mean of AP scores
across IoU thresholds from 0.5 to 0.95 (in 0.05 steps). Sim-
ply, AP represents the average precision across multiple IoU
thresholds, while overall AR measures maximum recall with
a fixed number of detections per image, and AP50 represent
AP at IoU thresholds of 0.5. AP@0.5 measures the model’s
prediction accuracy at an IoU threshold of 0.5, meaning the
predicted bounding boxes must overlap with the ground truth
by at least 50%.

4.3 Implementation environment

We trained YOLOv8m [61, 62] using Google Colab’s GPU,
utilizing the AI-TODv2 and SODA-A dataset for evalu-
ation. To address hardware limitations, we employed the
AI-TODv2 subset of the dataset for experiments, ensur-
ing manageable training and inference times. The model
YOLOV8m is tested in our experiments to validate the pro-
posed framework both with and without augmentation (for
baseline). For better performance YOLOv8m was trained for
100 epochs with a fixed input image size of 40 x 640 pixels for
both training and validation. The batch size was consistently
set to 4 across all experiments. The dataset AI-TODv2 sub-
set comprised 600 images (augmented to approximately 2400
through data augmentation) for experiments using augmen-
tation and 180 images for validation and total 2214 images
were used to set baseline results (without augmentation). The
dataset SODA-A, consisting of 2513 images, was divided
into three subsets: 1067 images for training, 576 images for
validation, and 870 images for testing. When applying the

framework the training set will increase to (4000 images).
Optimization was conducted using the default settings pro-
vided by the YOLO framework. The results obtained without
augmentation on YOLOVS serve as baseline. We evaluate
performance using AP (Average Precision), AP50 (AP at
IoU = 0.50), and AR (Average Recall).

Table 3 provides the full specification of the augmentation
pipeline used in this work. The same configuration is applied
to both AI-TODv2 and SODA-A datasets. During the train-
ing phase, data augmentation strategies were applied on both
the dataset to enhance the YOLOv8’ generalization capabili-
ties, resulting in improved performance across the validation
scenarios. As shown in Table 4, the model was trained with
the listed configurations. We applied the same settings for
baseline ensured the validity of the comparative analysis.

4.4 Performance analysis
4.4.1 AlI-TODv2 dataset

The experimental results shown in Table 5, demonstrate mea-
surable improvements in YOLOv8m’s performance using the
proposed framework. The most notable enhancement is in
recall, which increased by 31% points, indicating signifi-
cantly fewer missed detections. The F1-score improved by
19 percentage points, reflecting better balance between pre-
cision and recall. AP50 increased by 15.9% points, showing
stronger detection performance at the standard IoU threshold
of 0.5. Our proposed framework outperforms the baseline
YOLOvV8m across all categories, achieving top results in
five, reinforcing the visual outcomes shown in Table 6. The
framework enhances detection for Airplane, improving from
17.5% to 17.7% with a slight increase of 0.2, Bridge, improv-
ing from 2.6% to 11.27% with a significant increase of 9.2%,
Storage-Tank, improving from 78.9% to 80.1% with a slight
increase of 1.2%, and Person, improving from 42.6% to
47.6% with a substantial increase of 5%. However, decline
was observed for the ship class (—40.1%), which provides
valuable insight into how categories with large homogeneous
textures, scale variability, and complex water backgrounds
respond differently to augmentation strategies. The valida-
tion results are also shown an improvement compared to the
baseline in Table 5. Moreover, Fig. 5 shows curve maintains
high recall at low-to-moderate confidence thresholds.

4.4.2 SODA-A

The experimental results on the SODA-A dataset, summa-
rized in Tables 8 and 9, demonstrate that the proposed
framework yields consistent improvements across all eval-
uation metrics and object classes when compared with the
baseline YOLOv8m model.

The proposed framework shows a 23.6% gain in AP50 and an

@ Springer
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Table 5 YOLOVS validation results on AI-TODv2
Method Publication AP AP50 Recall F1
Faster RCNN [63] 2015 16.2 35.7 42.0 345
Rol Transformer [64] 2019 17.0 37.2 44.5 36.0
Oriented RCNN [65] 2021 17.5 37.8 45.2 37.2
SSPNet [66] 2022 16.8 36.5 43.1 35.0
YOLOv8m [62] 2023 17.9 38.1 46.0 39.0
YOLOv8m with proposed framework - 17.3 54.0 77.0 58.0
The improved results are in bold as %
Table 6 Class-wise AP comparison across different detectors
Method Airplane Bridge Storage tank Ship Vehicle Person
Faster RCNN [63] 124 3.1 225 18.7 15.2 2.9
Rol Transformer [64] 11.7 9.7 229 32.3 15.7 17.7
Oriented RCNN [65] 13.7 2.9 17.9 23.6 18.2 4.7
SSPNet [66] 15.2 6.7 432 22.8 31.2 28.9
YOLOvV8m [62] 17.5 2.6 78.9 829 42.6 0.0
YOLOv8m with proposed framework 17.7 11.27 80.1 42.8 47.5 71.6

The best results are in bold as %. Improvement = With proposed framework — Baseline (No Aug.)

Table7 SODA-A dataset split (images)

Split # Images % of total images (%)
Train 1067 ~42.5

Val 576 ~22.9

Test 870 ~34.6

Total 2513 100

AP t0 0.7%. Both recall and F1 improve +25.7% and 15.7%
respectively. Table 9 shows improvement in all the classes AP
results. Overall, these results show that the proposed frame-
work substantially improves YOLOv8m’s ability to detect
small objects on SODA-A (Fig. 5).

4.5 Ablation study

To further examine the contribution of each component in the
proposed augmentation framework, we performed an abla-
tion study on the SODA-A dataset using YOLOvV8m as the
baseline detector. The baseline model was trained on the orig-
inal SODA-A dataset without any augmentation. As shown in
Table 7, this configuration achieved 11.2% AP50, 36.7% AP,
and 48.5% recall, indicating limited ability to detect sparsely
distributed and occluded small objects.

@ Springer

4.5.1 Stage |: image segmentation and cropping

Applying segmentation into four sub-regions and discard-
ing empty patches yielded a noticeable improvement. AP50
increased to 53.6% (4+1.9%) and recall rose to 65.8%
(+17.3%), demonstrating that reducing background bias and
focusing on object-dense regions strengthens the model’s
ability to capture small objects.

4.5.2 Stage ll: object-centric resizing and augmentation

Only resizing and augmentation of object-dense regions were
applied. Standardizing image dimensions while amplifying
the absolute mean object size improved network compati-
bility and learning focus. Compared to baseline, AP50 rose
t0 62.3% (+10.6%) and recall improved to 68.4% (+19.9%).
This confirms that resizing alone contributes significantly.
AP score also improved slightly.

4.5.3 Stage lll: full framework

Finally, applying the complete pipeline achieved the best
performance. AP50 rose to 74.8% (423.6%),Ap to 37.4%
improved slightly, recall to 74.2% (+25.7%), and F1-score
improved by +15.7% compared to baseline. The complete
framework combining segmentation, zoom-in cropping, and
object-centric resizing provided the best results shown in
Table 10.
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Table 8 Test results on SODA-A
Model Publication AP AP50 Recall F1
Faster RCNN 2015 [63] 27.6 45.21 39.7 325
Rol transformer 2019 [64] 36.9 73.2 59.8 50.45
Oriented RCNN 2021 [65] 34.5 68.7 47.6 40.1
SSPNet 2022 [66] 31.2 65.3 47.8 38.0
YOLOv8m 2023 [62] 36.7 51.2 48.5 40.3
YOLOv8m with proposed Framework - 374 74.8 74.2 56.0
The best results are shown in bold as %
Table 9 Category-wise AP comparison between baseline detectors and proposed framework
Method Airplane  Helicopter ~ s-vehicle  l-vehicle ~ Ship  Container s-tank  s-pool ~ Windmill
Faster RCNN [63] 48.3 19.7 23.7 21.6 424 3938 43.8 352 229
Rol Transformer [64] 52.8 21.7 37.1 26.8 457 364 45.6 36.8 27.5
Oriented RCNN [65] 52.7 21.2 33.9 25.5 46.3  33.1 42.8 37.2 21.8
SSPNet [66] 42.1 21.1 32.1 15.6 37.3 272 28.6 34.8 22.5
YOLOv8m [62] 51.7 20.4 36.1 25.9 435 357 44.6 36.9 23.5
YOLOv8m with proposed framework  63.2 35.0 48.5 39.2 558 50.1 58.0 49.5 37.0
The best results are shown in bold as %
Recall-Confidence Curve Recall-Confidence Curve
1.0 107
airplane —— person
bridge ship
I —— ship —— wvehicle

Recall

0.0 0.2 0.4 0.6 0.8 1.0

—— storage-tank
wvehicle
wind-mill

— 3l classes 0.46 at 0.000

Recall

—— all classes 0.76 at 0.000

Fig. 5 Comparison analysis of recall-confidence curves for YOLOvS8 with and without data augmentation on AI-TODv2: The row represents
YOLOVS (left: without augmentation approaches, right: with augmentation approaches)

Table 10 Ablation results on

the dataset SODA-A Configuration AP50 (%) AP (%) Recall (%) F1 (%)
Baseline (No Aug) 51.7 36.7 48.5 40.3
Stage 1: segmentation & cropping 53.6 36.9 65.8 49.2
Stage 2: object-centric resizing only 62.3 37.1 68.4 51.0
Full pipeline (Stage 1+ Stage 2) 74.8 37.4 74.2 56.0

The best results are shown in bold as %

@ Springer
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Fig.6 The visualized results
comparison of AI-TODv2
dataset using YOLOv8m. The
left image shows results without
augmentation approaches
applied, missing several objects.
The right image demonstrates
the proposed framework with
augmentation, accurately
detecting more objects

Fig.7 The visualized results
compare SODA-A (right:
without augmentation), which
missed the object, with our
proposed framework (left),
using YOLOv8m, that
successfully detects the object

4.6 Visual representation of proposed framework

In addition to the quantitative analysis previously presented,
we now provide a comparative visualization that illustrates
the qualitative results. Visual comparisons between the pro-
posed framework applied to AI-TODv2 and SODA-A using
the YOLOv8m baseline model are provided in Figs. 6 and
7, respectively. Furthermore, Fig. 8 present a significant
increase in the number of detected objects, highlighting the
improved detection capabilities of our framework.

@ Springer
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5 Conclusion and future work

It is one of the major issues in small object detection regard-
ing the availability of large-scale datasets, which is important
for training, especially in aerial images. Data augmentation
approaches have been used by researchers to deal with the
scarcity of datasets, but which data augmentation methods
and combinations are optimal is still a question. To address
this, we have proposed a framework based on dataset limita-
tions that used only traditional augmentation approaches. For
experiments, this study used the AI-TODv2 and SODA-A
datasets, which are crucial datasets for small object detec-
tion and share common to different known limitations. We
found that the trial-and-error method is time consuming
and sometimes does not align with the objective of the
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Fig.8 Improved object detection results using YOLOVS with the proposed augmentation framework

task, resulting in suboptimal outcomes. This study proposes
a systematic three-tier framework for selecting augmenta-
tion approaches from a wide range of options, eliminating
the need for trial and error. Based on this framework, a
pipeline has been developed to detect small objects. We
used two datasets: AI-TODv2 and SODA-A. The rigorous
experiments using YOLOv8 on AI-ToDv2 and SODA-A with
the proposed framework demonstrate better performance on
the popular datasets. The proposed framework has shown
improved results, despite certain limitations. Due to hard-
ware constraints, experiments on the AI-TODv2 dataset were
conducted using a subset rather than the full dataset. Extreme
cases, such as very low-resolution or noisy images, remain
challenging, suggesting that future work should incorpo-
rate complementary strategies, such as incremental learning.
Additionally, we intend to conduct experiments on the full
AI-TODv2 dataset in the future.
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