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Abstract

The Unmanned Aerial Vehicles (UAVSs), popularly referred to as drones, have gained
increasing significance with respect to their use in applications like traffic monitoring,
surveillance, disaster management, environmental observation, and precision agriculture.
Despite substantial progress in aerial image sensing technologies, accurate object detection in
UAYV imagery has remained elusive owing to the issues related to small object sizes, object
scale variance, motion blur, occlusions, and complexity of the background. The proposed study
describes a RepViT architecture to enhance the detection of small objects. The proposed
framework makes use of RepViT architecture, Feature Pyramid Network (FPN), and attention
mechanism for enhancing discriminative features and suppressing background noise. The
effectiveness of the proposed model was evaluated using benchmark UAV object detection
datasets such as VisDrone and UAVDT using widely adopted object detection metrics. The

proposed framework has sustained the inference rate of 48 frames per second (FPS).

Keywords: UAV Object Detection, RepViT, Feature Pyramid Network (FPN), VisDrone,
UAVDT (Unmanned Aerial Vehicle Detection and Tracking).

1. Introduction

UAVs emerged as a revolutionary technology over the last few years by leveraging
high-resolution aerial images across large and difficult to reach geographical locations. The
versatility, mobility, and cost-effectiveness of UAVs have led to their increasing use in a

number of practical scenarios ranging from surveillance, environmental monitoring, disaster
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management, traffic monitoring, border control, agricultural management to smart cities
infrastructure. Overall, UAVs enable the generation of vital visual information that aids in
decision making and automation. Object detection is a core component of vision-based UAV
technology, whereby identification and localization of the objects of interest in images or
frames is done. Effective object detection is a prerequisite for various functions including
vehicle tracking, pedestrian monitoring, damage assessment, and anomaly detection. However,

unlike conventional ground level images, UAV aerial images possess some unique challenges.

One of the most significant challenges in the UAV enabled object detection is the
existence of small objects. Images captured from a high altitude will only have very small
objects occupying just a few pixels. Such objects are thus difficult for detection algorithms to
differentiate from its background. Another challenge that comes with UAV images is the
existence of dense object distributions in many cases. Variation in scale is yet another challenge
since there will be different sizes of objects in the image depending on the altitude of the UAV,
the camera angle, and distance from the object.

Earlier approaches for object detection employed feature extraction approaches like
HOG, SIFT, Haar, etc. With these approaches and classifiers like SVM and AdaBoost, they
performed exceptionally well in controlled environments but had difficulties when it comes to
adaptability and robustness in complex aerial images. Existing approaches fail to capture the
high-level semantic cues and were thus not effective in UAV detection. Deep Learning
approaches have revolutionized the field of object detection, where models can automatically
learn feature representations from large data sets. With the advent of CNN, new models for
object detection like Faster R-CNN, SSD, and YOLO were developed. Despite its advantages,
CNNs fail to detect small objects with limited receptive fields and multiresolution

representation.

Recently vision transformers (ViTs) and attention-based architectures have become
popular by modeling global relationships in images. In contrast to CNNs, which mainly rely
on capturing local features, transformers utilize self-attention to model long-range
dependencies. It makes them better at detecting small and fine-grained objects. Hybrid
approaches, which incorporate CNNs and transformers in one network, including light
architectures, such as RepViT, attempt to find a balance between efficiency and better detection

performance. They are applicable in different UAV-based scenarios.
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Apart from developments in models, availability of benchmark datasets, such as
VisDrone and UAVDT has played a crucial role in the development of object detection for
UAVs. They provide a variety of aerial scenarios, diverse in object density, size, environment,
which allows to test detection models. However, despite recent developments, UAV-based
small object detection remains an active research area. There are trade-offs between model

accuracy, computation costs, and real-time performance.

2. Related Works
2.1 Traditional and CNN-Based Object Detection

Initial approaches to object detection depended on features like HOG, SIFT, and Haar
descriptors with machine learning classifiers. The approach demonstrated limited robustness
with regard to scale and viewpoint changes in UAV images. The progress in deep learning
increased detection precision; in particular, two-stage detectors like Faster R-CNN [8] and
Mask R-CNN [7] have achieved impressive localization precision using region proposal
mechanism. Although being efficient, their heavy computational load prevented them from

real-time operation on UAVS.

Single-stage detectors have resolved this issue by speeding up inference process.
YOLO [1] represented object detection as a single regression problem providing real-time
object detection capability. Its successors such as YOLO9000 [2], YOLOv3 [3], YOLOV4 [4],
YOLOVS5 [6], and YOLOV7 [5] have improved accuracy, features representation, and speed of
inference. They are actively used in UAVs because of their combination of efficiency and

precision, but detection of small objects is still difficult due to lack of context.
2.2 Multi-Scale Feature Learning

Various feature analysis methods have been explored to enhance detection performance
for small objects. The FPN [9] uses spatial information from low levels and semantics from
high levels, giving the detectors the ability to detect objects at various scales. The FPN
architectures have shown impressive results in UAV images, where small objects consist of
only a few pixels. The ResNet architecture [13] has contributed significantly to feature
extraction abilities by allowing deep neural networks while avoiding gradient degradation

issues.
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2.3 Transformer-Based Object Detection

The development of transformers has led to a new generation of architectures in
computer vision. Vaswani et al.'s [10] transformer model showcased the power of self-attention
mechanism in capturing long-range dependencies. Vision Transformer (ViT) [11] leveraged
transformer architectures for image recognition tasks and achieved comparable results to those
achieved using CNN architectures. Swin Transformer [12] achieved higher computational
efficiency through hierarchical feature extraction and shifted window attention mechanism.
Transformer models are capable of offering better global context understanding and thus are
more suited for UAV images in which there is strong correlation between the appearance of
objects and context. However, the high computational cost associated with transformers limits
their use in UAV applications.

2.4 Hybrid CNN-Transformer Approaches

Recent researches have focused to hybridization between CNNs and transformers.
Hybrid approaches capitalize on the efficiency of local features extracted using CNN and
global relationships captured using transformer attentions. MobileNetV2 [15] has proposed
lightweight convolutional layers for embedded devices, creating a good starting point for
efficient feature extraction. The approach of RepViT [14], which revisited the design of mobile
CNNs under the viewpoint of Vision Transformers and proposed a lightweight and yet effective
architecture, seems a promising approach for real-time UAV small object detection task.
Considering the existing literature, there is still a requirement for lightweight object detection
architectures that can detect small objects with high accuracy in real time. In light of this

research gap, a RepViT-based UAV object detection framework is proposed in this study.

3. Proposed Methodology
3.1 Framework Overview

This study presents an efficient UAV-based framework for small object detection that
utilizes the RepViT network architecture. The developed model intends to enhance the
performance of object detection. The proposed framework comprises five main elements,
including pre-processing of inputs, RepVIiT network, feature fusion from different scales,
attention module, and detection head. Fig. 1 shows the overall workflow of the proposed

framework.
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Figure 1. Proposed RepViT-based UAV small-object detection framework

The architecture of the proposed framework based on RepViT for UAV small object
detection is depicted in Figure 1. The framework has been designed to enhance the detection
of small objects present densely in the aerial images. The proposed framework comprises of
five stages namely input processing, RepViT based feature extraction, multi-scale feature

fusion, attention based feature refinement, and object detection.

Initially, the input UAV image undergoes preprocessing, including resizing,
normalization, and Mosaic augmentation to improve model robustness under varying

environmental conditions.
The preprocessing operation is represented as.
Iaug =T() (1)

where [ denotes the input image and T(-) represents the preprocessing and
augmentation function. The augmented image is then passed through the RepViT, which serves

as the primary feature extraction network. RepViT combines efficient convolutional operations
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with transformer-inspired representations to detect both local spatial features and global
contextual information. The extracted feature representation is given by

Fy = fRepViT (Iaug) (2)

where frepvir denotes the feature extraction function of the RepViT and F, represents

the learned feature maps.

Subsequently, the obtained hierarchical features are fed into a FPN to produce multi-
scale feature representations. In this way, both fine spatial details and high-level semantics are
preserved to achieve better small object detection at multiple scales.

The overall feature representation is expressed as

N
Frised = Z E; 3)
=1

where F; shows the obtained feature map from the i stage and N shows the total

number of selected feature levels.

To ensure dimensional compatibility among feature maps of different spatial

resolutions, the multi-scale fusion operation can be more precisely represented as

N

Ftused = Z Ui(Ci(Fi)) (4)

=1

where C;(-) denotes the channel alignment to the i feature map and U;(-) denotes the

corresponding upsampling or spatial alignment operation.

An attention module is then employed to refine the fused features by emphasizing
informative object regions and suppressing irrelevant background information. The attention

map is generated as

A= fatt(Fﬁlsed) (5)

where f,; (-) denotes the attention-generation function and A represents the learned

attention map. The attention-enhanced feature map is subsequently computed as

Fare = A O Fpysea (6)
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where (© represents element-wise multiplication. This operation strengthens
discriminative responses associated with small objects.

The refined output is then forwarded further for simultaneous bounding-box regression
and object classification. The final detection output is represented as

D = H(Fau) (7)

where H (-) denotes the detection head and D represents the final set of detection results.
For each detected object, the detector predicts an object category, confidence score, and
bounding-box coordinates. Bounding box outcome is represented as

B, = (xp' Yo Wp, hp) (8)

where x,, and y, indicate the center coordinates of the predicted bounding box, while

w,, and h, denote its width and height, respectively.
The corresponding ground-truth bounding box is defined as
By = (xg, Y5, Wy, hy) 9

where x, and y, represent the center coordinates of the ground-truth bounding box,

while w, and h, denote its width and height, respectively.

The localization performance is evaluated using the Intersection over Union (loU)

metric

_ Area(Bp n Bg)

- Area(Bp U Bg) (10)

IoU

where B,, represents the predicted bounding box and B, denotes the corresponding

ground-truth bounding box. The numerator measures the overlapping area, whereas the

denominator represents their total union area.
3.2 Dataset Description

The proposed RepViT-based UAV object detection model was tested on two widely
accepted benchmarking datasets, such as VisDrone and UAVDT. These datasets contain a

variety of aerial images with objects that have different scales, density, views, and
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environmental settings and hence serve the purpose of testing the small object detection
performance of UAVS.

VisDrone is a large-scale UAV benchmarking dataset consisting of 10,209 still images
and 263 video clips taken from urban and suburban areas using different types of drones. This
dataset consists of 10 object classes. With the dense object distribution, scale variability,
occlusion, and clutter background, VisDrone is widely used for the evaluation of small object
detection algorithms in the real-world scenario [16].

UAVDT is a dataset that has been created specifically for UAV traffic monitoring and
surveillance purposes. This dataset consists of 100 video sequences consisting of about 80,000
frames taken under various weather conditions, viewpoints, and altitudes of flight. This dataset
features three main types of vehicles including car, bus, and truck. UAVDT comes with such
difficulties as motion blur, changes in illumination, changes in scale, and partial occlusions,

which makes it an ideal dataset to test the performance of object detection systems [17].
3.3 Data Pre-processing and Augmentation

Data pre-processing and augmentation play an essential role in making models more
robust and generalized. Considering the specific features of UAV imagery, such as variable
sizes of objects and variable environmental factors, it was decided to apply a comprehensive
pre-processing technique. In addition, data augmentation techniques were used to improve the
model generalization and prevent overfitting: A data augmentation technique that was used in
this research includes random horizontal and vertical flipping, random scaling and cropping,

rotation augmentation, and color jittering.

The application of random flipping allows the model to become invariant to the
orientation of the object, random scaling and cropping help the network to learn scale variations
that occur in UAV imagery. Rotation augmentation increases the model's robustness against
changes in viewpoint and orientation of the object, and color jittering helps to introduce
changes in brightness, contrast, and saturation to make the model more generalized in terms of
different illumination conditions. Along with these common data augmentation techniques

Mosaic Augmentation technique was applied.
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3.4 Training Strategy

The architecture was built based on a supervised learning technique using annotated
UAYV images, whereby the data was split into 80% training set and 20% validation set. The
training data optimized the model's parameters, while the validation data evaluated the
generalization ability and determined whether there is any overfitting. This partitioning
technique was used consistently in the experiments to ensure consistency in training
procedures. Several optimization techniques were applied to improve the efficiency and
stability of the training process. The RepVIT architecture was initialized with the pretrained
weights of the ImageNet-1K dataset that gave robust visual features. The FPN, attention
module, and detection head were initialized individually and then optimized in some particular
training procedures. The fine-tuning process included joint optimization of the pretrained
weights and other detection framework weights to make the architecture adapt to small and
dense objects detected in UAV images. Gradient clipping was used to stabilize the process of
parameter update during training. The continuous evaluation during training was done by

monitoring such metrics as training/ validation loss, precision, recall, and mAP.

4. Implementation

The experiments were performed in an environment, where the use of GPUs was
facilitated in order to enhance the learning and inference process for the high-resolution UAV
imagery. Hardware acceleration was used in order to cut down the computational time as well
as to ease the process of learning the deep object detection model. Table 1 lists the hardware

and software configuration used for the implementation of the proposed framework.

Table 1. Hardware and software configuration

Component Specification
Framework PyTorch
GPU NVIDIA RTX 3060 (12 GB VRAM)
CPU Intel Core i7 Processor
RAM 16 GB
Operating System Windows 10
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A uniform configuration was used to train all the models to ensure convergence and

fairness in the evaluations. Training parameters are listed in Table 2.

Table 2. Training configuration parameters

Parameter Value
Input Image Size 640 x 640
Batch Size 16
Optimizer AdamW
Initial Learning Rate 0.001
Number of Epochs 100
Learning Rate Cosine Decay Schedule
Scheduling
Algorithms Used Faster R-CNN, SSD, YOLOvV5, YOLOV8 and RepViT
Loss Function Multi-Component Loss (Classification, Localization and Objectness)

AdamW optimization algorithm was selected for this reason because the decoupled
weight decay method is used in the algorithm to regularize parameters. The architecture utilizes
a multi-objective loss function that optimizes classification, localization, and objectness tasks

simultaneously.
The total training loss is formulated as:
Liotar = AcisLeis + AocLioc + AobjLobj' (11)

where L. denotes the classification loss used to penalize incorrect object-category
predictions, L, represents the localization loss, and £, ;denotes the objectness loss used to
estimate the confidence associated with the presence of an object. The weighting coefficients
Acis» Aoer @nd A,p;control the relative contribution of each loss component during model

optimization.

RepVIT was embedded as the feature extraction component, which uses effective
convolutional layers and context modeling inspired by transformers. This allows for the
incorporation of both local and global information, and therefore enhances contextual feature

representation, especially for small objects with less visual information. After multi-scale

Journal of Electronics and Informatics, September 2026, Volume 8, Issue 3 255



RepViT-Based UAV Small Object Detection on VisDrone and UAVDT

feature fusion, an attention mechanism was added before the detector head to highlight
informative features related to objects.

Given a fused feature map F € R¢*#*W the module generates an attention map to
emphasize informative object-related features while suppressing irrelevant background
responses. The attention map is computed as

A = o(fur(F)), (12)

where f,..(-)denotes a learnable attention transformation and o(-)represents the
sigmoid activation function. The attention-refined feature representation is then obtained as

Far = FOA, (13)

where (O denotes element-wise multiplication. The refined feature map F,is
subsequently forwarded for object classification, objectness estimation, and bounding-box
regression. By applying attention after multi-scale feature fusion, the framework emphasizes
discriminative responses associated with small and densely distributed objects while reducing

interference from complex backgrounds in UAV imagery.

Practical implementation issues, such as class imbalance, were also considered during
the training process. Due to some objects being more abundant in UAV data sets than others,

a strategy of balancing was used to prevent the bias towards the majority classes.

5. Results and Discussion

Evaluation of the UAV object detection system based on RepViT on complex aerial
images having dense object distribution and different sizes of objects is shown. In Figure 2, the
initial interface of the UAV Object Detection Dashboard before uploading the image and
performing inference is presented. After uploading the image, preprocessing, feature extraction
using RepVIiT model, multi-scale feature fusion, feature refinement through attention

mechanism, and object detection are performed.
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Figure 2. UAV object detection dashboard
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Figure 3. Detection results with class labels

Total Objects Unique Classes
74 6
Detected Objects Count
Car 59
Motor 3
Pedestrians 7
People 3
Bicycle 1
Van 1

Figure 4. Summary of detected objects and class counts
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Figure 3 shows the capability of the model to precisely localize and classify various

object types such as cars, pedestrians, vans, motorcycles, tricycles, and humans.
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Figure 4 presents a summary of the detected object classes and their corresponding
counts. In total, 74 objects classified into six categories were found within the test image.
Among these categories, cars comprised the majority of objects found, considering that the test
image had high density traffic scenes.

Total Count
60 - 59
50 4
40
£
3 30
o
20
10 1 7
3 3
1 1
(o] T T T T ¥
Car Motor Pedestrian People Tricycle Van
Object Classes

Figure 5. Distribution of detected object classes

Figure 5 depicts the distribution of the detected classes of objects by means of a bar
chart visualization. This visualization allows for easy comparison of object frequencies within

various classes and quick understanding of scene composition.

Table 3. Performance comparison with existing models

Model Precision | Recall | F1-Score | mMAP@0.5 | mMAP@0.5:0.95 | FPS
(%) (%) (%) (%) (%)
Faster R-CNN 88.2 85.6 86.9 87.4 68.5 7
SSD 81.4 78.9 80.1 82.3 61.8 22
YOLOV5 91.6 89.8 90.7 92.1 74.6 45
YOLOvS8 93.4 91.5 92.4 94.2 77.8 50
Proposed RepViT 94.8 92.7 93.7 95.3 79.6 48

Performance Comparison of Proposed Framework with Existing Object Detection
Models using Quantitative Approach is provided in Table 3. Also, the proposed RepViT
framework has yielded a maximum mAP@0.5 of 95.3% and mAP@0.5:0.95 value of 79.6%,

indicates the proposed model is effective in the detection of small and dense objects in UAV
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images. Even though YOLOV8 had an inference speed of 50 frames per second, the proposed
RepVIT based model has an inference speed of 48 frames per second.

6. Conclusion

In this study, a framework for small object detection in UAV images using lightweight
RepViT model along with FPN-based multi-scale feature fusion and attention mechanism. The
proposed model increases the capability of feature extraction, context awareness, and
localization of small and dense objects. Evaluation of the proposed framework on VisDrone
and UAVDT datasets shows that the framework obtains a good trade-off between the accuracy
and efficiency for object detection in complex aerial scenes. These results reveal that an
approach which utilizes the combination of lightweight feature extraction, multi-scale
representation, and attention-based refinement works well for solving the challenges associated
with the detection of objects from aerial images. Further efforts will be dedicated to enhancing

the performance on detecting very small and occluded objects.
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