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Abstract: The YOLO series of object detection methods have achieved significant success in
a wide range of computer vision tasks due to their efficiency and accuracy. However, detect-
ing small objects in UAV images remains a formidable challenge due to factors such as a low
resolution, complex background interference, and significant scale variations, which collec-
tively degrade the quality of feature extraction and limit detection performance. To address
these challenges, we propose the receptive field attention-guided YOLO (RFAG-YOLO)
method, an advanced adaptation of YOLOVS tailored for small-object detection in UAV
imagery, with a focus on improving feature representation and detection robustness. To
this end, we introduce a novel network building block, termed the receptive field network
block (REN block), which leverages dynamic kernel parameter adjustments to enhance
the model’s ability to capture fine-grained local details. To effectively harness multi-scale
features, we designed an enhanced FasterNet module based on RFN blocks as the core
component of the backbone network in RFAG-YOLO, enabling robust feature extraction
across varying resolutions. This approach achieves a balance of semantic information by
employing staged downsampling and a hierarchical arrangement of REN blocks, ensuring
optimal feature representation across different resolutions. Additionally, we introduced
a Scale-Aware Feature Amalgamation (SAF) component prior to the detection head of
RFAG-YOLO. This component employs a scale attention mechanism to dynamically weight
features from both higher and lower layers, facilitating richer information flow and signif-
icantly improving the model’s robustness to complex backgrounds and scale variations.
Experimental results on the VisDrone2019 dataset demonstrated that RFAG-YOLO outper-
formed state-of-the-art models, including YOLOv7, YOLOvS, YOLOv10, and YOLOvV11,
in terms of detection accuracy and efficiency. In particular, RFAG-YOLO achieved an
mAP50 of 38.9%, representing substantial improvements over multiple baseline models:
a 12.43% increase over YOLOV?, a 5.99% improvement over YOLOvV10, and significant
gains of 16.12% compared to YOLOv8n and YOLOv11. Moreover, compared to the larger
YOLOv8s model, RFAG-YOLO achieved 97.98% of its mAP50 performance while utiliz-
ing only 53.51% of the parameters, highlighting its exceptional efficiency in terms of the
performance-to-parameter ratio and making it highly suitable for resource-constrained
UAV applications. These results underscore the substantial potential of RFAG-YOLO for
real-world UAV applications, particularly in scenarios demanding accurate detection of
small objects under challenging conditions such as varying lighting, complex backgrounds,
and diverse scales.

Keywords: UAV images; YOLOVS; feature extraction; small-object detection; attention
mechanism
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1. Introduction

Object detection is a fundamental task in computer vision, with critical applications
including military operations [1], self-driving vehicles [2], security monitoring [3], and re-
mote sensing [4]. Recently, the analysis of UAV imagery for object detection has emerged as
a vital tool across various domains, driven by the extensive coverage and high resolution of
UAV data [5]. In these applications, the detection of small targets, such as vehicles, pedes-
trians, and critical infrastructure, plays a pivotal role in environmental monitoring, human
activity analysis, and the security of essential facilities. However, accurately detecting small
objects in UAV aerial imagery remains a significant challenge due to factors such as a low
resolution, complex backgrounds, and scale variations.

Driven by rapid advancements in neural networks and continuous innovations by
researchers worldwide, significant progress has been made in the field of object detection.
These advancements have significantly enhanced the accuracy and efficiency of detection
systems, while also broadening their applicability to a wide range of real-world scenarios.
The deep learning-based object detection methods are broadly categorized into two main
paradigms: two-stage [6] and one-stage [7] approaches. Two-stage methods generally
consist of two sequential steps: (1) generating candidate regions using a selective search
algorithm [8] or a Region Proposal Network (RPN) [9] and (2) extracting features from these
regions and classifying them via a convolutional neural network. Prominent examples
of two-stage methods include Region-Based CNN (R-CNN) [10], Fast R-CNN [11], Faster
R-CNN [9], and Mask R-CNN [12]. These methods achieve a high detection accuracy by
initially eliminating background regions and subsequently performing detailed analysis
on the remaining candidate areas. However, their reliance on extensive computational
resources often leads to slower inference speeds. In contrast, one-stage object detectors
formulate the task as a regression problem, simultaneously predicting bounding box
coordinates and class labels in a single forward pass through the network, offering a better
balance between accuracy and efficiency. Notable examples of one-stage detectors include
You Only Look Once (YOLO) [13] and the Single Shot MultiBox Detector (SSD) [14]. The
SSD relies on manually defined prior boxes whose size and shape are heavily influenced
by empirical settings, limiting its adaptability to diverse scenarios. Furthermore, the SSD’s
reliance on low-level feature layers for prediction compromises its ability to detect small
targets, resulting in lower recall rates.

Despite these advances, several critical challenges persist in UAV-based object de-
tection. First, the limited receptive field of traditional convolutional operations struggles
to capture the complex spatial relationships and fine-grained details of objects in aerial
imagery, particularly for targets with irregular shapes or varying orientations. Second,
the significant scale variations in UAV imagery, coupled with the presence of small objects,
poses substantial difficulties for feature extraction and representation learning. Traditional
multi-scale feature fusion approaches often fail to effectively balance the contribution
of features from different scales, leading to suboptimal detection performance. Third,
the complex and diverse backgrounds in aerial imagery, combined with varying lighting
conditions and weather effects, create substantial interference that can significantly impact
detection accuracy.

To address the aforementioned challenges in object detection, we propose the recep-
tive field attention-guided YOLO (RFAG-YOLO) model, an enhanced framework based
on YOLOVS. First, we introduce a novel network component, termed the receptive field
network block (RFN block), which improves the model’s ability to capture fine-grained
details of complex-shaped objects through dynamic adjustments of convolutional kernel
weights. Second, to efficiently utilize multi-scale feature maps and optimize the trade-off
between detection performance and computational efficiency, we integrate FasterNet [15]
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with the RFN block to construct the backbone network of RFAG-YOLO. Finally, we in-
troduce a Scale-Aware Feature Amalgamation (SAF) module prior to the detection head.
This module employs a scale attention mechanism to dynamically fuse multi-scale feature
maps, thereby improving the model’s adaptability to varying resolutions and enhancing
the representation of small objects. The key contributions of this study are summarized
as follows:

1.  The REN block is proposed, inspired by the concept of receptive field attention
(RFA) [16]. By incorporating a dynamic kernel parameter adjustment, the RFN block
addresses the limitations of parameter sharing in traditional convolutions, signifi-
cantly improving the ability of the RFAG-YOLO model to capture and emphasize
discriminative features in local regions.

2. The REN block is integrated with FasterNet to construct a robust backbone network.
This network effectively balances semantic information across multi-resolution feature
maps through staged downsampling and a hierarchical arrangement of REN blocks,
ensuring comprehensive feature representation at different scales.

3. A SAF module is introduced prior to the detection head of RFAG-YOLO. Leveraging
a scale attention mechanism, the SAF module dynamically refines feature represen-
tations and significantly improves the spatial localization accuracy by adaptively
weighting multi-scale features.

4. Comprehensive experiments on the VisDrone2019 dataset demonstrate that our pro-
posed RFAG-YOLO achieves superior detection performance compared to state-of-
the-art methods while maintaining a balanced trade-off between model complexity
and detection accuracy. The proposed method effectively addresses the inherent
challenges of UAV-based object detection, such as small object sizes, varying lighting,
complex backgrounds, and diverse scales.

The remainder of this paper is organized as follows. Section 2 reviews related work
in object detection, including the development of the YOLO series, YOLO-based improve-
ments for UAV detection, and transformer-based approaches. Section 3 presents the detailed
architecture of RFAG-YOLO, including the design principles and implementation details of
the REN block, the integration with FasterNet backbone, and the proposed SAF module.
Section 4 describes our experimental methodology, including dataset preparation, train-
ing procedures, and results of a comprehensive evaluation against state-of-the-art object
detection models on the VisDrone2019 dataset, along with ablation studies to validate the
effectiveness of each proposed component. Section 5 provides a theoretical analysis of our
proposed method, examines the model’s limitations, and discusses potential directions for
future research. Finally, Section 6 concludes the paper.

2. Related Work

This section provides a comprehensive review of related work in three key areas. We
begin by tracing the evolution of the YOLO series, which has revolutionized real-time object
detection through continuous architectural innovations and performance improvements.
We then examine recent advances in small-object detection specifically tailored for UAV
imagery, focusing on various enhancement strategies and architectural modifications.
The review concludes with an analysis of transformer-based object detection approaches,
which represent a paradigm shift in the field but face challenges in resource-constrained
UAV applications.

2.1. Development of YOLO Series

Due to its exceptional precision, efficiency, and practicality, the YOLO family of object
detection models has established itself as a benchmark in the field since the introduction of
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YOLOvV1 [17] in 2015. YOLOV1 revolutionized object detection by treating it as a regression
problem, laying the groundwork for modern one-stage detectors. YOLOv2 [18] improved
performance and stability through innovations such as Darknet-19, anchor boxes, and batch
normalization, especially for small-object detection. YOLOv3 [19] enhanced the speed-
precision trade-off by incorporating a feature pyramid network (FPN) [20] and multi-scale
predictions, enabling detection across a wider range of object sizes.

YOLOV4 [21] achieved significant progress by integrating CSPNet [22], SPP-Block [23],
the Mish activation function [24], and advanced data augmentation techniques, significantly
boosting performance. YOLOVS5 [25] gained widespread adoption due to its modular design,
incorporating GhostNet [26] and path aggregation network (PANet) [27], as well as its user-
friendly implementation. Subsequent versions, from YOLOv6 [28] to YOLOV7 [29], focused
on lightweight architectures, performance optimization, and streamlined deployment.

In 2024, YOLOvV9 [30] and YOLOv10 [31] were introduced. YOLOvV9 introduced
Programmable Gradient Information (PGI) and an auxiliary reversible branch, significantly
enhancing model expressiveness and training efficiency. YOLOvV10 pioneered a uniform
dual-assignment strategy, eliminating the need for Non-Maximum Suppression (NMS)
during training, thereby improving performance and reducing inference latency.

2.2. YOLO-Based Improvements for UAV Detection

Motivated by advancements in the YOLO family of object detection models, re-
searchers have proposed numerous enhancements specifically tailored for small-target
detection in UAV imagery, leading to the development of diverse drone image detection
methods. Building on YOLOVS5, Zeng et al. [32] introduced a hybrid coordinate attention
mechanism to enhance feature extraction for small objects in UAV imagery. They further
proposed an optimized bottleneck architecture to improve the discriminability between
object and background features during small-target detection. Shin et al. [33] incorpo-
rated deformable convolution [34] into the YOLOVS5 backbone, leveraging three kernels
to simultaneously learn offsets, masks, and feature representations, thereby enhancing
the extraction of fine-grained characteristics of small targets. Chen et al. [35] proposed
a multi-scale feature pyramid network (SAS-FPN) to effectively integrate shallow and
deep feature maps, significantly improving the model’s feature extraction capabilities.
Additionally, they integrated a shuffle attention mechanism [36] into the backbone network
to mitigate the impact of complex background interference. Zhu et al. [37] developed
TPH-YOLOVS5, a model specifically optimized for target detection in UAV-captured im-
agery. TPH-YOLOVS5 replaces conventional prediction heads with transformer-based heads,
leveraging the self-attention mechanism to enhance prediction accuracy. Furthermore,
TPH-YOLOVS incorporates the Convolutional Block Attention Module (CBAM) [38] to
improve target localization in densely cluttered scenes.

2.3. Transformer-Based Object Detection

The emergence of transformer architectures has sparked a new wave of innovation
in object detection, offering alternative approaches to traditional CNN-based methods.
These transformer-based detectors have demonstrated remarkable potential in addressing
long-standing challenges in object detection, particularly in handling complex spatial
relationships and global context modeling. DETR [39] pioneered a paradigm shift by
reformulating object detection as a direct set prediction problem, eliminating traditional
hand-crafted components such as NMS and anchor generation. By leveraging a transformer
encoder—decoder architecture and a set-based global loss with bipartite matching, DETR
achieves competitive performance while maintaining conceptual simplicity. Building
upon DETR's success, RT-DETR [40] addresses the computational efficiency challenges by
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introducing a hybrid architecture that combines CNNs with transformers. Through an
efficient hybrid encoder for multi-scale feature processing and uncertainty-minimal query
selection, RT-DETR achieves superior performance compared to traditional YOLO models
while maintaining real-time inference speeds. Specifically targeting UAV applications,
Drone-DETR [41] builds upon RT-DETR by introducing an Effective Small Object Detection
Network (ESDNet) and Enhanced Dual-Path Feature Fusion Attention Module (EDF-
FAM), achieving significant improvements in small-object detection while maintaining a
lightweight architecture.

More recently, D-FINE [42] pushed the boundaries of real-time object detection by
redefining the bounding box regression task in DETR models. Through its innovative Fine-
grained Distribution Refinement (FDR) and Global Optimal Localization Self-Distillation
(GO-LSD) components, D-FINE achieves remarkable localization precision while maintain-
ing real-time performance. The DEIM [43] framework further enhances transformer-based
detectors by introducing Dense One-to-One matching and Matchability-Aware Loss, signif-
icantly accelerating training convergence while maintaining high accuracy. While these
transformer-based approaches demonstrate impressive capabilities, their computational
demands and complex architectures make them less suitable for resource-constrained
UAV applications. Therefore, improving the YOLO framework remains a more practical
approach for real-world drone detection scenarios.

3. Materials and Methods

This section delineates the architectural design and technical innovations of the pro-
posed RFAG-YOLO model, aimed at addressing the challenges of object detection in UAV
imagery, such as small object sizes and complex backgrounds. After presenting the network
structure of YOLOVS, we provide the general architecture of the proposed RFAG-YOLO.
Then, based on YOLOVS as the baseline framework, three key innovations are proposed:
(1) the RFN block incorporating receptive field attention, (2) an enhanced FasterNet back-
bone network with a hierarchical RFN block arrangement, and (3) a SAF module designed
for adaptive multi-scale feature fusion.

3.1. Introduction to the YOLOwv8 Network

In this study, we selected YOLOVS as the baseline network for improvement due to its
simple structure and stable detection accuracy. Figure 1 shows the architectural layout of
YOLOVS, which is segmented into three primary components:

1. Backbone: The backbone serves as a vital element in obtaining features from the input
image. Primarily, the backbone of YOLOVS constitutes CBS (Conv-BN-SiLU) and C2f
modules, where CBS performs downsampling, while the C2f module is utilized for
the extraction of features.

2. Neck: The neck component of YOLOVS adopts the path aggregation network—feature
pyramid network (PAN-FPN) structure, which introduces a bottom-up path based
on an FPN. This path allows low-level features to be fused with high-level features
again, helping to capture targets of varied dimensions and enhance the accuracy of
object detection.

3. Head: The head section generates the final predictions, which encompass the po-
sitioning and dimensions of bounding boxes, along with the class probability for
each box.
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Figure 1. YOLOVS network structure diagram.

To address the limitations of anchor-based methods, YOLOv8 adopts an anchor-free
prediction approach. This method directly predicts the object center, eliminating the need
for predefined anchor boxes and reducing computational overhead by avoiding offset
calculations. The anchor-free mechanism eliminates the need for pre-set anchor box dimen-
sions, simplifying the model architecture and reducing the number of parameters. This
enhances the model’s ability to detect objects of varying sizes more effectively. To improve
the precision of bounding box regression, YOLOVS incorporates the Distribution Focal Loss
(DFL). The DFL is a specialized loss function for bounding box prediction that enhances
localization accuracy by minimizing the discrepancy between the predicted and target edge
position distributions. Let t; and ¢, denote the discretized distributions of the target box’s
left and right edges, respectively, and p; and p, represent the corresponding predicted
distributions. The length of the discretized distribution, denoted as 7, indicates the number
of possible discrete points for the edge positions of bounding boxes. The DFL computes
the cross-entropy loss by comparing the predicted and target distributions for the positions
of the left edge and the right edge, which are defined by

L =— Z ti(i)log(pi(i)) 1)

and

L, =— Z tr(i)log(p, (7)) )

respectively, where t;(i) and f,(i) denote the probabilities at the i-th discretized position
in the target distribution, p;(i) and p, (i) represent the corresponding probabilities in the
predicted distribution. Note that DFL processes each edge of the bounding box inde-
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pendently. This allows the loss to be computed separately for each edge, with dynamic
weight adjustments based on the relative positions of the predicted and target bounding
boxes. This independent processing improves the localization accuracy of the bounding
box, especially for asymmetric bounding boxes. In addition, by emphasizing regions with
large discrepancies between predicted and target distributions, DFL effectively reduces
positioning errors and enhances overall accuracy.

3.2. Overview of the RFAG-YOLO Architecture

Figure 2 illustrates the architectural design of the proposed RFAG-YOLO model, high-
lighting its key innovations aimed at improving object detection performance in UAV
imagery. Compared to the baseline YOLOVS, the primary enhancements of RFAG-YOLO
are concentrated in the core network architecture and the detection module, which are
specifically designed to address the challenges of UAV-based object detection. Specifically,
the backbone of RFAG-YOLO integrates FasterNet with the proposed RFN block, orga-
nized into a four-stage hierarchical architecture to optimize feature extraction at multiple
scales. Each stage processes feature maps with downsampling ratios of 1/4,1/8, 1/16,
and 1/32, respectively, enabling the network to capture both fine-grained details and high-
level semantic information across different scales. The neck of RFAG-YOLO incorporates
YOLOv8’s PAN-FPN network, which combines a top-down FPN with bottom-up PANet to
achieve efficient multi-level feature fusion, as well as the enhanced detection capability for
targets at varying scales. In addition, this architecture employs iterative bidirectional fea-
ture transfer, effectively preserving high-resolution details while integrating deep semantic
information. To address the limitations of single-scale feature maps, the SAF module, based
on a scale attention mechanism, is integrated before the detection head. This module dy-
namically weights multi-scale features, enhancing the representation of fine-grained details
and improving detection performance. Moreover, this integration allows RFAG-YOLO to
precisely capture target object details during the prediction phase, leading to a significant
improvement in localization accuracy and enhancing the model’s ability to understand
complex scenes and detect objects at multiple scales.

Satge 1 Satge 2 Satge 3 " satge4
% : 1 :Backbone
Input | Embeding | RFN blocks | Merging | RFN blocks | Merging .  RFNblocks | Merging | RFN blocks :
’ AEELD) . RPN
NN
<—— Concat <—— UpSample +—— <—— Concat <—— UpSample <—— Neck
cf caf SPPF
—> Concat —— —— —> Concat —>
cBS c2f cBS c2f
| |

Detect Head Detect Detect

Figure 2. RFAG-YOLO network structure diagram.
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3.3. The RFN Block

In high-altitude UAV images, small targets pose recognition challenges due to their
limited pixel size and sparse feature details, which can be easily obscured by broad back-
grounds such as terrain, buildings, and vegetation. As advancements are made in the fields
of computer vision and deep learning, attention mechanisms have become a key strategy
to address this challenge. In convolutional layers, the same kernel weights are applied
across all spatial locations of the input feature map—this is known as the parameter sharing
characteristic. While this characteristic helps reduce the total number of parameters and
improves computational efficiency, it also means that the same feature extraction pattern is
uniformly applied across the entire feature map. When using larger kernels, this uniform
processing might not be optimal for small-object detection, as different regions of the
feature map may require different processing patterns.

To surmount the aforementioned challenges, we propose an innovative feature extrac-
tion component, the REN block, based on (receptive field attention) RFA. The architecture
of the RFN block, as depicted in Figure 3, can be divided into two main stages. Initially,
an inverted residual block, composed of a partial convolution coupled with two 1 x 1
convolutions, is employed to learn incremental information in relation to the original input.
Subsequently, by adaptively modifying the weights at each position in the convolutional
kernel through receptive field attention, the ability of the REN block to capture key fea-
tures in local regions is enhanced, effectively alleviating the parameter-sharing problem in
traditional convolution.
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Figure 3. Structure of RFN block.

As shown in Figure 3, in the residual structure stage, the main branch first employs a
partial convolution layer with a kernel size of 3 x 3, which processes the first quarter of
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the feature map channels. This is followed by two point-wise convolution layers (1 x 1
convolutions). The output is then obtained through an element-wise addition of the main
branch features with the input feature map. This efficient structure enables comprehensive
channel-wise information utilization while maintaining low computational complexity.

The second stage of the RFN block is the receptive field attention module. For an
input of dimensions C x H x W (channels, height, width), the RFA first employs a group
convolution with a kernel size of 3 x 3 to expand the channel dimension, generating
the receptive field space features. Secondly, through average pooling and a1 x 1 group
convolution, while preserving its spatial resolution, the feature map’s depth is enhanced.
Then, softmax is used to normalize the positional weights within the feature map, resulting
in a weight map. Here, the weight map can be seen as a set of convolution kernels.
After performing a dot product operation at each position of the receptive field space
feature map, we acquire a feature map that is weighted. Finally, the weighted feature map
is reshaped into a shape of 3C x H x W, and the resolution is decreased using a standard
3 x 3 convolution, producing the final output.

In general, the formula for RFA is represented in Equation (3), where F is the input
feature map, and k denotes the size of the convolution kernel. The output feature map
F" is obtained by multiplying element-by-element the attention feature map A and the
transformed receptive field space feature map F'.

F" = Softmax(GroupCono*V) (AvgPool (F))) x ReLu(Norm(GroupConv*¥ (F)))
=AxF

)

3.4. Improved FasterNet Backbone Based on RFN Block

Backbone networks are generally used for feature extraction of input images. Small
targets in high-resolution feature maps contain detailed spatial information, which is
crucial for accurate detection. However, through the downsampling process, while the
receptive field increases and semantic information is enriched, the fine-grained features
of small objects may become less distinct. To address this challenge, we introduce an
improved FasterNet based on RFN blocks as the backbone network of RFAG-YOLO. This
architecture combines the segmented structure of FasterNet with the efficient feature ex-
traction capability of RFN blocks, thus enhancing the sensitivity of the model in identifying
small targets.

As shown in Figure 4, the improved FasterNet consists of four consecutive stages,
each stage starting with an embedding or merging layer and equipped with multiple RFN
blocks. The embedding layer uses a 4 x 4 standard convolution with a stride of 4, while the
merging layer uses a 2 x 2 standard convolution with a stride of 2. These embedding or
merging layers have two main functions: first, to decrease the spatial scales of the input,
thereby effectively reducing the image resolution; the second is to increase the channel
capacity to improve the model’s representation capability. In the first and second stages, we
deployed two RFN blocks, respectively. For initial feature extraction, it is crucial to preserve
as many original image details as possible, especially when handling with small targets.
In the third stage, we incorporated eight RFN blocks. At this point, the image resolution
is lower, but the network gains a more abstract and comprehensive understanding of the
image’s content. This stage facilitates identifying detailed features, aiding in the detection
of small objects in various backgrounds. Finally, in the fourth stage, the number of RFN
blocks is reduced back to two. This stage aims to refine the features extracted in the
previous stages and prepare them for the final prediction. Additionally, the reduction in
the number of building blocks also aids in managing the model’s complexity and lowering
its computation demands.
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Figure 4. Structure of improved FasterNet.

The integration of REN blocks with FasterNet offers several key advantages, enhancing
the model’s capability to address the challenges of small-object detection in complex
scenes. First, the residual structure of the RFN block, combined with the receptive field
attention mechanism, significantly enhances FasterNet's feature extraction efficiency. This
improvement enables the model to better capture the contextual information of small
targets, which is critical for accurate detection in cluttered environments. Second, to account
for the varying resolutions of feature maps at different stages, a hierarchical arrangement
of REN blocks is implemented within FasterNet. This hierarchical arrangement ensures
that each stage effectively utilizes the unique characteristics of its feature maps, leading
to effective improvements in the overall detection accuracy and robustness. Furthermore,
by merging the channel extension and spatial dimension compression of RFN blocks,
the representation ability of the model is effectively improved. Finally, the integration of
REN blocks with FasterNet not only improves the effectiveness of small-target detection,
but also maintains a high inference speed, making it suitable for real-time applications.

3.5. Feature Fusion Module Based on Scale Attention

The YOLOVS detection head plays a critical role in the object detection pipeline,
producing final detection results by processing multi-scale feature maps extracted by
the FPN. The detection head processes feature maps at three distinct scales, with spatial
resolutions of 80 x 80, 40 x 40, and 20 x 20, corresponding to the detection of small
objects (larger than 8 x 8 pixels), medium objects (larger than 16 x 16 pixels), and large
objects (larger than 32 x 32 pixels), respectively. This multi-scale design enables the
model to effectively handle objects of varying sizes. However, this multi-scale detection
approach encounters two significant challenges that can degrade detection performance.
First, low-resolution feature maps often fail to capture fine-grained details of small objects,
resulting in inaccurate localization and reduced detection confidence. Second, in high-
resolution feature maps, the dominant feature responses of large objects can suppress
the weaker responses of small objects, particularly due to the spatial influence of large
objects on neighboring regions. This phenomenon significantly compromises the detection
and classification accuracy of small objects. To mitigate these challenges, we propose a
SAF module, which is integrated before the detection head of RFAG-YOLO to enhance
multi-scale feature representation. The SAF module facilitates adaptive feature processing
across different scales by dynamically weighting and integrating information from all three
resolution levels. This approach significantly improves the model’s ability to localize and
classify objects, particularly small objects, with higher accuracy.

The scale attention module generates attention weights through a sequence of carefully
designed operations, as illustrated in Figure 5. This module aims to dynamically adjust
feature representations based on their scale relevance, enhancing the model’s ability to
handle multi-scale objects. First, adaptive average pooling is employed to aggregate
spatial information across the width and height dimensions of the feature map, effectively
summarizing global contextual information while reducing computational complexity.
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This operation reduces the spatial dimensions to C x 1 x 1, capturing global contextual
information from the entire feature map and enabling efficient computation of attention
weights. Next, a 1 x 1 convolutional layer is utilized to process the pooled features,
reducing the channel dimension and facilitating the extraction of scale-relevant information.
This layer reduces the channel dimension to 1, compressing the multi-channel information
into a single-channel representation that encapsulates the most salient scale-related features.
The compressed features are then passed through a ReLU activation function, introducing
non-linearity to enhance the expressiveness of the attention mechanism and improve
its ability to model complex relationships. Finally, an HSigmoid activation function is
applied to normalize the attention weights to the range [0,1], ensuring that the weights are
suitable for adaptive feature scaling and enhancing the stability of the attention mechanism.
The generated weights are then used to adaptively modulate the corresponding feature
maps, enabling a scale-aware feature refinement that enhances the model’s ability to detect
objects across varying scales with a higher accuracy.
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Figure 5. Structure of SAF module.

As illustrated in Figure 5, the SAF module receives feature maps from three different
levels of the FPN. Initially, we employ convolutions to adjust the channel dimensions
of all feature maps to a consistent size. Subsequently, a spatial resolution alignment is
achieved through upsampling or downsampling operations on these feature maps. For the
multi-scale feature fusion process, we define the following notations, where F; denotes the
feature map at the i-th level, F/ denotes the fused feature map at the i-th level, ScaleAttn(-)
represents the scale attention function, down(-) and up(-) denotes the downsampling and
upsampling operations, respectively.

¢  For the feature map with the lowest resolution (20 x 20), SAF first downsamples
the feature map from the higher level to match its resolution. Subsequently, scale
attention is utilized on the downsampled feature map for weighting. The weighted
feature map is then added to the current feature map and divided by 2, resulting in
the fused feature map for this level, thereby adding it to the output list. This step can

be represented by

; Fiow + ScaleAttn(down(Fyg))
Flow - 2

(4)

¢ For the feature map with the highest resolution (80 x 80), SAF uses bilinear interpola-
tion to upsample the feature map from the lower level to match its resolution. Then,
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similar to the process for the lowest resolution, scale attention is applied for weighting.
The weighted feature map is combined with the current feature map, and the result is
divided by 2, yielding the fused feature map for this level; it is subsequently added to
the output list and can be represented by

Fhion + ScaleAttn(up(Fpig))
Fhign = — > = ()

¢ For the intermediate-level feature map (40 x 40), SAF applies weighting and fusion to
both the upper and lower level feature maps, dividing the result by 3 to obtain the
fused feature map for this level, and then accordingly adding it to the output list. This
step is represented by

Foig + Scale Attn(down (Fyigp,)) + Scale Attn (up(Frow))

Fr/nid = 3

(6)

4. Experiment

This section presents a comprehensive experimental evaluation of the proposed RFAG-
YOLO model, aiming to validate its effectiveness in addressing the challenges of UAV-based
object detection, such as small object sizes and complex backgrounds. We first compared
our model with baseline YOLOVS on the VisDrone2019 [44] dataset, demonstrating signifi-
cant improvements in small-object detection while maintaining computational efficiency.
Next, ablation studies were conducted to systematically evaluate the contributions of
each proposed component, including the enhanced FasterNet backbone, RFN blocks,
and SAF module. Comparisons with state-of-the-art detection models further confirmed
RFAG-YOLO's superior performance. Finally, to further analyze the model’s behavior,
visualization experiments were conducted using confusion matrices and Grad-CAM. These
experiments revealed that RFAG-YOLO significantly improved the localization and classifi-
cation accuracy of small objects, even in complex drone-captured scenes with occlusions
and cluttered backgrounds.

4.1. Dataset

Our proposed model was rigorously evaluated on the VisDrone2019 aerial image
dataset, a comprehensive and diverse collection of images curated by the AISKYEYE team
from the Machine Learning and Data Mining Laboratory at Tianjin University, China. This
dataset is specifically designed for UAV vision applications, offering a rich variety of scenar-
ios to test the robustness and generalizability of object detection models. The dataset was
split into training, validation, and testing subsets, with 6471, 548, and 1610 images in each
subset, respectively. Representative examples from the VisDrone2019 dataset are illustrated
in Figure 6, showcasing the diversity of scenarios, as well as the challenges posed by vary-
ing lighting conditions, object scales, and background complexity. The dataset encompasses
a wide range of real-life scenarios, including urban, rural, and highway environments, with
10 distinct object categories such as pedestrians, bicycles, cars, vans, buses, and motorcycles.
This diversity ensures that the dataset is well-suited for evaluating the robustness and
generalizability of object detection models in real-world UAV applications.

The VisDrone2019 dataset includes a wide variety of challenging scenarios that ac-
curately reflect real-world operational conditions, making it an invaluable resource for
evaluating object detection algorithms. This dataset includes densely crowded scenes
characterized by significant object overlaps and interactions, such as busy intersections
and parking lots with high concentrations of vehicles and pedestrians. These scenarios
pose significant challenges for object detection due to occlusions and spatial ambiguities.
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The VisDrone2019 dataset features a wide variety of weather conditions, including clear
skies, rain, and fog, as well as diverse lighting conditions such as bright daylight, low-light
evening scenarios, and strong shadows. These variations can test the robustness of de-
tection algorithms under different environmental conditions. Additionally, the images in
the VisDrone2019 dataset contain varying levels of occlusion, where objects are partially
obscured by structures, vegetation, or other objects, as well as diverse viewing perspectives
resulting from different UAV flight altitudes and camera angles. These factors further
complicate the detection task, making the VisDrone2019 dataset an exemplary benchmark

for rigorously evaluating the performance and robustness of object detection approaches
under realistic and varied operational conditions.
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Figure 6. Some of the images in the VisDrone2019 dataset.

Figure 7 shows some information about the VisDrone2019 dataset. Panel (a) shows the
distribution of various object labels in the dataset. Pedestrians and vehicles dominate the
annotations, while the remaining categories account for a smaller portion. Panel (b) shows
a two-dimensional scatter plot that reveals the aspect ratio distribution of objects in the
image relative to their height and width. The figure shows a darker color concentration in
the lower left, indicating that smaller objects dominate in the dataset. This visual analysis
highlights that the dataset emphasizes the detection of small targets.
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Figure 7. Statistical analysis of category and target size distributions in the VisDrone2019 dataset.
(a) Distribution of categories in the VisDrone2019 dataset. (b) Distribution of target sizes in the
VisDrone2019 dataset.
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4.2. Evaluation Metrics

In object detection tasks, the following terminology and metrics are commonly em-

ployed to evaluate the relationship between the model’s predictions and the ground truth

labels, providing a foundation for performance assessment and algorithm optimization.

1.

Intersection over Union (IoU): IoU is a fundamental metric in object detection, quan-
tifying the overlap between predicted and ground truth bounding boxes. It plays
a pivotal role in evaluating detection accuracy and is integral to the NMS process,
where it determines the redundancy of overlapping predictions. Mathematically, IoU
can be defined as

_ OwerlapArea At

IoU = - = 7
0 UnionArea Apred + Aact — Aint 7

where A;,;; denotes the area of intersection between the predicted bounding box and
the ground truth bounding box; A,y and Asc represent the areas of the predicted
bounding box and the ground truth bounding box, respectively.

NMS: In object detection tasks, models frequently generate multiple overlapping
bounding boxes for a single object due to the sliding window or anchor-based de-
tection mechanisms. NMS is employed to eliminate redundant predictions by first
sorting the bounding boxes based on their confidence scores. The box with the highest
confidence is selected as the final detection, while all other boxes with an IoU exceed-
ing a predefined threshold are suppressed. This process is iteratively applied to all
remaining boxes, ensuring a precise and non-redundant set of detection results.
True Positive (TP): This metric indicates that the model correctly detects a target,
as determined by an IoU between the predicted bounding box and the ground truth
bounding box exceeding a predefined threshold. This metric is essential for evaluating
the model’s detection accuracy.

False Positive (FP): An FP occurs when the model incorrectly detects a nonexistent
target or misclassifies background regions as a specific object category. This type of
error, often termed a false alarm, can significantly impact the model’s precision and
overall reliability.

False Negative (FN): An FN occurs when the model fails to detect an actual tar-
get present in the image. This type of error, commonly referred to as a miss, can
reduce the model’s recall and is often caused by small object sizes, occlusions, or
complex backgrounds.

Building on these fundamental concepts, several evaluation metrics are employed in

this study to comprehensively assess the performance of the proposed model.

1.

Precision: Precision quantifies the proportion of true positive (IP) detections relative
to the total number of detections (TP + FP), as defined by
TP
Precision = —— 8
recision TP+ FP (8)
Precision is a critical metric for evaluating the model’s ability to minimize false
positives, particularly in scenarios where false alarms are costly.
Recall: Recall measures the fraction of true positive (TP) detections relative to the total
number of actual objects (TP + FN), as defined by

TP

Recall - m

©)
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This metric evaluates the model’s ability to identify all relevant targets, particularly in
scenarios where missing detections is undesirable. A high recall value indicates a low
false negative rate, reflecting the model’s robustness in detecting true targets.

3. Mean Average Precision (mAP): mAP is a comprehensive metric that integrates
precision and recall by calculating the average precision (AP) at various recall levels.
It provides an overall evaluation of model performance across all object categories,
making it a key metric in object detection research. To compute mAP, the AP for each
category is first determined by calculating the area under the precision-recall curve.
These AP values are then averaged across all categories. Mathematically, mAP can be
defined by

1 n
AP = — X 10
mAP NI;AP, (10)

where AP; denotes the average precision for the i-th category, and N represents the
total number of categories.

4.3. Experimental Environment

In this study, the training, validation, and testing phases were conducted under
identical experimental conditions to ensure consistency and reproducibility. Notably, all
training processes were performed from scratch without the use of pretrained weights,
allowing for a fair evaluation of the model’s learning capabilities. The detailed hardware
configuration and hyperparameter settings are summarized in Tables 1 and 2, respectively.

Table 1. Hardware and software configuration details.

Parameters Configuration
CPU INTEL (Santa Clara, CA, USA) i7-9700k
GPU NVIDIA (Santa Clara, CA, USA) RTX 2060
RAM 32GB
GPU Memory 6GB
Operating System Ubuntu22.04
Programming Language and Libraries Python (3.8.16)
CUDA 12.0
Pytorch 1.13.1

Table 2. Hyperparameters for training settings.

Hyperparameters Value
Input Image Size 640 x 640
Number of Epochs 300
Batch Size 8
Optimizer SGD
Learning Rate 0.01

4.4. Comparison of RFAG-YOLO with Baseline Model YOLOv8

To validate the performance of RFAG-YOLO in identifying small objects within drone-
captured imagery, we performed comparative experiments using the widely recognized Vis-
Drone2019 public dataset. In these experiments, we maintained consistency with other train-
ing conditions to compare the performances of RFAG-YOLO, YOLOv8n, and YOLOvSs.

Figure 8 shows the performance trends of YOLOv8n, RFAG-YOLO, and YOLOv8s
during training. It can be observed that throughout the training process, the performance
of the RFAG-YOLO model consistently surpasses that of YOLOvS8n, and its performance
curve is closer to that of YOLOvS8s. This indicates that RFAG-YOLO not only performs
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well in terms of the final performance but also exhibits higher stability during training.
Additionally, as the number of training epochs increases, the performance improvement of
RFAG-YOLO becomes more significant, ultimately reaching a higher accuracy level, which
suggests that the model has a stronger ability to learn from complex scenarios.

Table 3 provides specific performance metrics for YOLOv8n, RFAG-YOLO, and YOLOvSs.
According to the data, the RFAG-YOLO model achieved a detection accuracy of 49.6%,
a significant improvement over YOLOv8n (44.5%). Simultaneously, the recall rate of REAG-
YOLO also increased, reaching 37.8%, which is higher than that of YOLOv8n, which is 33.8%.
Furthermore, the mAP50 indicator of RFAG-YOLO reached 38.9%, very close to the level of
YOLOV8s. Importantly, under stringent conditions requiring a high confidence, the mAP50-95
indicator of RFAG-YOLO reached 23.1%, significantly superior to YOLOv8n (19.5%). These
data underscore that RFAG-YOLO maintains high stability and accuracy under various
confidence thresholds.

In terms of resource efficiency, RFAG-YOLO requires more parameters (5.94 M) and
incurs a higher computational cost (15.7 GFLOPs) than YOLOv8n, but compared with
YOLOVSs, these increases are relatively balanced, considering the substantial improvement
in detection performance. We believe this is a wise trade-off between model complex-
ity and accuracy. In addition, despite the relatively low frames per second (FPS) rate
compared to YOLOv8n and YOLOv8s, RFAG-YOLO still maintains sufficient real-time
processing capabilities to meet the needs of applications such as real-time object detection
in drone images.
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Figure 8. Training curves comparison of YOLOv8n, RFAG-YOLO, and YOLOvVS8s on the VisDrone2019
dataset. (a) Precision curves during training. (b) Recall curves during training. (c) mAP50 curves
during training. (d) mAP50-95 curves during training.
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Table 3. Comparison of RFAG-YOLO with YOLOv8n and YOLOVS8s on validation data from the
VisDrone2019 dataset.

mAP50-95

Model Precision (%) Recall (%) mAP50 (%) %) Params (M) GFLOPs (G) FPS
YOLOv8n 445 33.8 33.5 19.5 3.2 8.1 121.1
RFAG-YOLO 49.6 37.8 38.9 23.1 5.94 15.7 82.0
YOLOvS8s 51.6 38.8 39.7 23.8 11.1 28.5 116.0

From Table 4, RFAG-YOLO consistently outperforms YOLOv8n in terms of the mAP50
indicator across all categories. Notably, the performance boost is particularly pronounced
for structurally intricate or small-scale object categories such as “bicycles”, “tricycles”,
and “awning-tricycles”, underscoring its capability to handle complex scenes and enhance
the detection of minute details. Furthermore, REFAG-YOLO surpasses even the larger
YOLOv8s model in terms of detection precision for categories such as “truck”, demonstrat-
ing that our improvements go beyond simple model scaling.

In summary, through meticulously designed architectural refinements, RFAG-YOLO
achieves the dual optimization of detection precision and efficiency, striking a favorable
balance between computational resources and performance enhancement. It delivers excel-
lent precision, recall, and mAP metrics and optimizes computational resource utilization.
Therefore, it offers an efficient and practical approach for real-world applications, especially
in scenarios requiring high-accuracy object detection.

Table 4. Comparison of mAP50 for each category on the VisDrone2019 dataset.

Category YOLOVS8n RFAG-YOLO YOLOvS8s
pedestrian 35.1 414 43.0
people 26.7 31.3 33.2
bicycle 8.2 11.1 12.8
car 76.1 79.3 79.8
van 39.0 44.1 44.7
truck 30.0 37.6 36.5
tricycle 224 28.8 28.0
awning-tricycle 11.6 16.7 159
bus 48.5 55.6 57.0
motor 36.7 43.0 45.3

4.5. Ablation Experiments

The unmodified YOLOvS8n served as the baseline model, and we performed a series of
ablation experiments on the VisDrone2019 dataset to validate the efficacy of our proposed
improvements. Initially, we replaced the original backbone of YOLOv8n with FasterNet
and evaluated the performance changes. Subsequently, we gradually integrated other
innovative techniques, such as the SAF model and RFN block, to further improve model
performance. Table 5 summarizes the results of our extensive ablation experiments, where
the activation of a specific module is denoted by v and the disabling of a component
is indicated by the symbol X. The table presents the incremental contributions of each
component to the overall performance improvement.

In the ablation experiments, we systematically assessed the individual contributions
of key components in the RFAG-YOLO model, using the VisDrone2019 validation set as
our benchmark. Our findings, as presented in Table 5, reveal that the baseline YOLOv8n
achieved a precision of 44.5% and an mAP50 of 33.5%. On introducing the FasterNet
backbone, the model accuracy rose to 46.5%, and its mAP50 reached 35.3%. This significant
improvement can be attributed to FasterNet’s design for efficient operations. Its multistage
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architecture naturally yields feature maps of varying scales—this capability is vital for
object detection tasks in which targets of different sizes may be best detected at distinct
feature levels.

Table 5. Results of ablation experiments on the VisDrone2019 dataset, where bold red font indicates
the best performance.

FasterNet RFEN Block SAF Module Precision (%) Recall (%) mAP50 (%) mAP50-95 (%)
X X X 445 33.8 33.5 19.5
v X X 46.5 344 35.3 20.6
X X v 46.9 35.1 35.9 21.3
v v X 49.2 36 37.2 21.9
v v v 49.6 37.8 38.9 23.1

Subsequently, the introduction of the SAF module, even without FasterNet, led to
noticeable increments in both the recall and mAP metrics. This result proves that the
mechanism improves the feature representation across varying scales. The SAF module’s
effectiveness stems from its ability to perform weighted fusion of multi-scale feature maps
before the detection head, enriching the detailed information at each scale and improving
the model’s feature representation capabilities.

When FasterNet was combined with the REN block (without SAF module), a new
threshold of performance was reached with an accuracy of 49.2% and an mAP50 of 37.2%.
This substantial improvement can be explained by the RFN block’s unique design: while
traditional convolutional layers struggle to accurately capture intricate local features, our
REN block incorporates learnable weight maps that adapt convolution kernel weights based
on the input image features. This distinctive capability enables the network to concentrate
on critical areas while disregarding irrelevant background details, thus enhancing the
model’s performance in detecting small targets.

The distribution of RFN blocks across the FasterNet stages was carefully optimized to
balance computational efficiency and feature expression. By varying the number of RFN
blocks across the stages in accordance with the feature map scales and complexities, we
achieved an adaptive optimization of receptive fields. This ensured an optimal feature
expression across all levels, from fine-grained details to broader semantic understandings.
To maintain computational efficiency, we deployed fewer blocks in early stages to minimize
expensive computations on high-resolution feature maps, while increasing block numbers
in deeper stages where feature maps are smaller, efficiently boosting high-level semantic
feature extraction.

Ultimately, the RFAG-YOLO model exhibited its best performance when Faster-
Net, REN block, and the SAF module were applied together—with the accuracy, recall,
and mAP50 increasing impressively to 49.6%, 37.8%, and 38.9%. These outcomes under-
score not only the individual effectiveness of each technology but also their synergistic
interplay, jointly propelling a substantial leap in model performance.

4.6. Comparison with Other Advanced Models

To demonstrate the advantages of RFAG-YOLO compared to other leading object
detection models, we performed a comprehensive comparative analysis against various
state-of-the-art detection approaches. The comparison included CNN-based models such
as YOLOv5n, YOLOv7Z, YOLOv8n, TPH-YOLO, YOLOv10n, and YOLOv11n, as well as
transformer-based architectures including RT-DETR-R18 and D-FINE-S. All models were
evaluated under identical training conditions to ensure a fair comparison.
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As seen from Table 6, RFAG-YOLO demonstrates impressive detection capabilities
with a good balance between accuracy and computational efficiency. While RT-DETR-
R18 achieves slightly higher mAP metrics (mAP50 of 42.5% and mAP50-95 of 24.5%), it
requires significantly more computational resources with 19.9M parameters and 57.0 G
FLOPs. In contrast, RFAG-YOLO achieves competitive performance (mAP50 of 38.9%
and mAP50-95 of 23.1%) with only 5.9M parameters and 15.7G FLOPs, showing superior
efficiency. Compared to TPH-YOLO, a model customized for drone image detection,
RFAG-YOLO achieves notable enhancements in mAP50 (by 6.0%) and mAP50-95 (by 5.4%).
Furthermore, compared with the latest version of the YOLO model, i.e., YOLOv11, RFAG-
YOLO demonstrates superior performance, with improvements of 5.4% and 3.6% in mAP50
and mAP50-95, respectively.

Table 6. Comparison of RFAG-YOLO with other models on the VisDrone2019 dataset.

Model mAP50 (%) mAP50-95 (%) Params (M) GFLOPs (G)
YOLOv5n 32.9 19.0 2.6 7.7
YOLOv?7 34.6 18.0 6.2 13.8
YOLOv8n 33.5 19.5 3.2 8.1
TPH-YOLO 329 17.7 7.2 36.8
YOLOv10n 36.7 19.6 2.3 6.7
YOLOvl1ln 33.5 19.5 2.6 6.5
RFAG-YOLO 38.9 23.1 5.9 15.7
D-FINE-S 423 23.4 10.2 24.9
RT-DETR-R18 42.5 24.5 19.9 57.0

In addition, as shown in Table 7, RFAG-YOLO exhibits exceptional performance
across most categories in the VisDrone2019 dataset. Particularly in crucial categories
such as pedestrians and cars, our model achieves impressive mAP50 scores of 41.4% and
79.3%, respectively, significantly outperforming most lightweight models. While RT-DETR-
R18 and D-FINE-S show slightly higher scores in some categories, they come at the cost
of a much higher computational complexity. RFAG-YOLO maintains a strong balance
between accuracy and efficiency, demonstrating its practical value in real-world drone
detection applications.

Table 7. Comparison of the average precision across categories of the VisDrone2019 dataset.

Category ~ YOLOvSn  YOLOv/  YOLOvSn  oT5  YOLOvion YOLOviln  SeAG- priNgs — RTDETR-
pedestrian 34.6 412 35.1 411 347 35.4 414 435 449
Eeople 27.6 37.0 26.7 329 27.8 27.7 313 39.0 39.2
icycle 8.3 7.7 8.2 9.9 8.0 8.2 111 205 18.8
car 75.4 77.5 76.1 73.7 75.4 76.1 79.3 81.0 81.7
van 383 36.7 39.0 35.2 37.3 39.9 441 472 483
truck 28.6 28.1 30.0 27.3 287 28.8 37.6 36.2 36.2
tricycle 220 18.8 224 18.4 19.9 21.1 28.8 315 32,0
awning- 121 9.7 116 10.3 116 12.3 16.7 17.5 15.9

tricycle . : . . . . . : :

bus 465 449 485 414 458 48.6 55.6 53.8 549
motor 35.5 445 36.7 38.8 36.7 37.1 430 54.5 53.5

4.7. Interpretability Experiments

We conducted a detailed analysis of the performance and characteristics of RFAG-
YOLO using confusion matrices, class activation map visualizations, and final detec-
tion result plots. This comprehensive method offered insights into the model’s recog-
nition accuracy and generalization capabilities, while also uncovering its internal decision-
making mechanisms.
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Predicted

The confusion matrix analysis, as depicted in Figure 9, reveals significant improve-
ments in classification accuracy. The RFAG-YOLO confusion matrix shows higher values
on its main diagonal compared to the YOLOv8n confusion matrix, indicating a higher
probability of correct classification. This improvement can be attributed to RFA’s ability
to generate receptive field space feature maps according to kernel sizes through grouped
convolutions and global average pooling, thus preserving the spatial structure while en-
hancing channel independence. Despite the introduction of additional computational steps
for feature refinement, RFA maintains high computational efficiency through designs such
as 1 x 1 convolutions and grouping strategies.

Additionally, compared with YOLOv8n, RFAG-YOLO has a lower value in the lower
left triangle region, indicating a lower probability of missed detections. This improve-
ment demonstrates that RFAG-YOLO can better capture all relevant objects in the scene,
effectively addressing the insufficient detection problems of its predecessor.

Our Grad-CAM analysis provides further insights into the model’s attention mecha-
nisms. As shown in Figure 10, the RFAG-YOLO heatmaps demonstrate more focused and
precise patterns of high activation zones, even for tiny targets that are usually overlooked.
These visualizations highlight how our architectural improvements, particularly the RFN
block and SAF module, work together to enhance the model’s sensitivity to fine details and
edges. The warmer colors in critical regions indicate that our model successfully learns to
allocate attention to relevant features while suppressing background noise.
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Figure 9. Normalized confusion matrices comparison between different models on the VisDrone2019
dataset. (a) Confusion matrix of YOLOv8n model. (b) Confusion matrix of our proposed RFAG-
YOLO model.

The qualitative detection results illustrated in Figure 11 provide a compelling em-
pirical validation of our theoretical improvements. Under identical testing conditions,
RFAG-YOLO demonstrates superior localization precision for small-scale objects, exhibit-
ing both reduced false positives and significantly fewer missed detections compared to the
baseline model. This enhanced detection capability is particularly evident in challenging
scenarios with dense object distributions and complex backgrounds. The robust perfor-
mance across objects of varying scales can be attributed to the synergistic effect of our
architectural innovations: FasterNet’s intrinsic multi-scale feature hierarchy effectively
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captures objects at different resolutions, while the SAF module’s adaptive feature fusion
mechanism intelligently aggregates and refines these multi-scale representations. These
qualitative results align with our quantitative findings and further validate the effectiveness

of our proposed improvements in real-world detection scenarios.

Figure 10. Comparison of detection heatmap visualization on the VisDrone2019 dataset. (a,d) Original
drone-captured images showing complex parking scenarios. (b,e) Heatmap visualization of YOLOv8n
detection outputs. (c,f) Heatmap visualization of our proposed RFAG-YOLO detection outputs.

Figure 11. Comparison of object detection results on the VisDrone2019 dataset. (a,d) Original drone-
captured images showing complex parking scenarios with multiple vehicles. (b,e) Detection results
obtained by YOLOv8n. (c,f) Detection results obtained by our proposed RFAG-YOLO model.
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5. Discussion

Our proposed RFAG-YOLO model demonstrated significant improvements over the
baseline YOLOv8n model on the VisDrone2019 dataset, particularly in small-object de-
tection tasks. This success can be attributed to the RFN module’s learnable weight maps,
which adaptively adjust convolution kernel weights based on input image features. Build-
ing upon the insights from Zhang et al. [16], who revealed the limitations of traditional
spatial attention in addressing convolutional kernel parameter sharing, our RFN module
leverages receptive field attention (RFA) to focus on both receptive-field spatial features
and effective attention weights for large-size convolutional kernels, offering significant
performance improvements with minimal computational overhead. Furthermore, our
SAF module implements scale attention mechanisms for weighted fusion of multi-scale
feature maps, enhancing the model’s feature representation capabilities while maintaining
computational efficiency through grouped convolutions and strategic pooling operations.

While recent transformer-based detection models like RT-DETR and D-FINE have
demonstrated remarkable accuracy through their end-to-end architecture and innova-
tive bounding box regression, our experimental analysis reveals their limitations in UAV
applications. The computational overhead of self-attention mechanisms and complex
architectures poses significant challenges for deployment on resource-constrained UAV
platforms. Inspired by the efficient design principles of FasterNet [15], RFAG-YOLO adopts
a stage-wise architecture that strategically distributes REN blocks across different network
levels. This approach achieves an optimal balance between detection performance and
computational efficiency. The adaptive allocation of computational resources across scales
enables effective feature extraction while maintaining efficiency, making RFAG-YOLO
particularly well-suited for real-world UAV applications.

Despite the promising results, our approach has several limitations that warrant dis-
cussion. The REN block, while effectively enhancing feature representation, introduces
additional parameters and slight computational overhead compared to standard convo-
lutions. Moreover, although our SAF module improves multi-scale feature fusion, its
effectiveness may be constrained by the fixed input resolution of 640 x 640 pixels, which
could limit the detection of extremely small objects in high-resolution UAV imagery.

Looking ahead, we identify two key directions for future research. First, we aim to ex-
plore more lightweight attention mechanisms to further reduce computational costs while
maintaining detection accuracy, potentially drawing inspiration from efficient design prin-
ciples of recent transformer-based models. Second, considering that modern high-speed
cameras now offer several megapixels of resolution at high frame rates, we plan to investi-
gate methods to process higher-resolution input images beyond the current 640 x 640 input
size and optimize the subsequent downsampling strategies in feature extraction, as this lim-
itation may fundamentally affect small-object detection performance. These enhancements
will further strengthen RFAG-YOLO's potential for practical UAV applications.

6. Conclusions

In this paper, we propose RFAG-YOLO, an advanced object detection framework
specifically designed to address the challenges of small-object detection in UAV imagery.
By integrating the novel REN block and an enhanced FasterNet backbone, RFAG-YOLO
significantly improves the model’s ability to capture fine-grained local details and leverage
scale features. The introduction of the SAF module further enhances the model’s robustness
by dynamically weighting features from different layers, enabling richer information flow
and improved detection accuracy under complex conditions. Extensive experiments on the
VisDrone2019 dataset demonstrated the superiority of RFAG-YOLO over state-of-the-art
models, including YOLOv7, YOLOvS8, YOLOV10, and YOLOv11. Specifically, RFAG-YOLO
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achieved an mAP50 of 38.9%, representing substantial improvements of 12.43% over
YOLOV7Z, 5.99% over YOLOV10, and 16.12% over YOLOv8n and YOLOv11. Furthermore,
RFAG-YOLO achieved 97.98% of the mAP50 performance of the larger YOLOv8s model
while utilizing only 53.51% of its parameters, highlighting its exceptional efficiency in terms
of the performance-to-parameter ratio. These results underscore the model’s suitability
for resource-constrained UAV applications, where computational efficiency and detection
accuracy are critical. The success of RFAG-YOLO lies in its ability to balance semantic
information across multi-resolution feature maps, effectively address the limitations of
traditional convolutional layers, and dynamically adapt to scale variations and complex
backgrounds. These advancements make RFAG-YOLO a promising solution for real-
world UAV applications, particularly in scenarios requiring an accurate detection of small
objects under challenging conditions such as varying lighting, complex backgrounds,
and diverse scales.
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Abbreviations

The following abbreviations are used in this manuscript:

YOLO You Only Look Once

RFAG-YOLO receptive field attention-guided YOLO

REN receptive field network

SAF scale-aware feature

RPN Region Proposal Network

SSD Single Shot MultiBox Detector

PGI Programmable Gradient Information

NMS Non-Maximum Suppression

SAS-FPN multi-scale feature pyramid network

CBAM Convolutional Block Attention Module

RFA receptive field attention

PAN-FPN path aggregation network—feature pyramid network
DFL Distribution Focal Loss

FPN feature pyramid network

FPS frames per second

Grad-CAM Gradient-weighted Class Activation Mapping
PANet path aggregation network

ESDNet Effective Small Object Detection Network

EDF-FAM Enhanced Dual-Path Feature Fusion Attention Module
FDR Fine-grained Distribution Refinement

GO-LSD Global Optimal Localization Self-Distillation



Sensors 2025, 25,2193 24 of 25

References

1. Mohsan, S.A.H.; Khan, M.A.; Noor, E; Ullah, I.; Alsharif, M.H. Towards the Unmanned Aerial Vehicles (UAVs): A Comprehensive
Review. Drones 2022, 6, 147. [CrossRef]

2. Feng, D.; Haase-Schiitz, C.; Rosenbaum, L.; Hertlein, H.; Glaser, C.; Timm, F.; Wiesbeck, W.; Dietmayer, K. Deep Multi-Modal
Object Detection and Semantic Segmentation for Autonomous Driving: Datasets, Methods, and Challenges. IEEE Trans. Intell.
Transp Syst. 2021, 22, 1341-1360. [CrossRef]

3.  Hoang, M.L. Smart Drone Surveillance System Based on Al and on IoT Communication in Case of Intrusion and Fire Accident.
Drones 2023, 7, 694. [CrossRef]

4. Cao, Z.; Kooistra, L.; Wang, W.; Guo, L.; Valente, J. Real-Time Object Detection Based on UAV Remote Sensing: A Systematic
Literature Review. Drones 2023, 7, 620. [CrossRef]

5. Chen, C,; Zheng, Z.; Xu, T.; Guo, S.; Feng, S.; Yao, W.; Lan, Y. YOLO-Based UAV Technology: A Review of the Research and Its
Applications. Drones 2023, 7, 190. [CrossRef]

6. Zou, Z.;Chen, K;; Shi, Z.; Guo, Y,; Ye, J. Object Detection in 20 Years: A Survey. Proc. IEEE 2023, 111, 257-276. [CrossRef]

7. Zhang, Y. Li, X.; Wang, F; Wei, B,; Li, L. A Comprehensive Review of One-stage Networks for Object Detection. In Proceedings of
the IEEE International Conference on Signal Processing, Communications and Computing (ICSPCC), Xi’an, China, 17-19 August
2021; pp. 1-6.

8. Uijlings, ] R.R; van de Sande, K.E.A.; Gevers, T. Selective Search for Object Recognition. Int. . Comput. Vis. 2013, 104, 154-171.
[CrossRef]

9. Ren, S.; He, K.; Girshick, R.; Sun, ]. Faster r-cnn: Towards real-time object detection with region proposal networks. NeurIPS
2015, 28, 1137-1149. [CrossRef] [PubMed]

10.  Girshick, R.; Donahue, J.; Darrell, T.; Malik, J. Rich Feature Hierarchies for Accurate Object Detection and Semantic Segmentation.
In Proceedings of the Computer Vision and Pattern Recognition (CVPR), Columbus, OH, USA, 23-28 June 2014; pp. 580-587.

11.  Girshick, R. Fast R-CNN. In Proceedings of the International Conference on Computer Vision (ICCV), Santiago, Chile, 7-13
December 2015; pp. 1440-1448.

12.  He, K,; Gkioxari, G.; Dollar, P.; Girshick, R. Mask R-CNN. In Proceedings of the International Conference on Computer Vision
(ICCV), Venice, Italy, 22-29 October 2017; pp. 2961-2969.

13. Terven, J.; Cérdova-Esparza, D.-M.; Romero-Gonzalez, J.-A. A Comprehensive Review of YOLO Architectures in Computer
Vision: From YOLOv1 to YOLOv8 and YOLO-NAS. Mach. Learn. Knowl. Extr. 2023, 5, 1680-1716. [CrossRef]

14. Liu, W,; Anguelov, D.; Erhan, D.; Szegedy, C.; Reed, S.; Fu, C.; Berg, A.C. SSD: Single Shot MultiBox Detector. In Proceedings of
the European Conference on Computer Vision (ECCV), Amsterdam, The Netherlands, 11-14 October 2016; pp. 21-37.

15. Chen,]; Kao, S.H.; He, H.; Zhuo, W.; Wen, S.; Lee, C.H.; Chan, S.H.G. Run, Don’t walk: Chasing higher FLOPS for faster neural
networks. In Proceedings of the Computer Vision and Pattern Recognition (CVPR), Vancouver, BC, Canada, 17-24 June 2023;
pp. 12021-12031.

16. Zhang, X,; Liu, C.; Yang, D.; Song, T.; Ye, Y; Li, K.; Song, Y. RFAConv: Innovating Spatial Attention and Standard Convolutional
Operation. arXiv 2023, arXiv:2304.03198.

17.  Redmon, ]J. You Only Look Once: Unified, Real-Time Object Detection. In Proceedings of the Computer Vision and Pattern
Recognition (CVPR), Las Vegas, NV, USA, 27-30 June 2016.

18. Redmon, J.; Farhadi, A. YOLO9000: Better, Faster, Stronger. In Proceedings of the Computer Vision and Pattern Recognition
(CVPR), Honolulu, HI, USA, 21-26 July 2017; pp. 7263-7271.

19. Farhadi, A.; Redmon, ]. YOLOv3: An Incremental Improvement. In Proceedings of the Computer Vision and Pattern Recognition
(CVPR), Salt Lake City, UT, USA, 18-23 June 2018. pp. 1-6.

20. Lin, T. Y,; Dollar, P; Girshick, R.; He, K.; Hariharan, B.; Belongie, S. Feature pyramid networks for object detection. In Proceedings
of the Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21-26 July 2017. pp. 2117-2125.

21. Bochkovskiy, A.; Wang, C.Y.; Liao, H.YM. YOLOv4: Optimal Speed and Accuracy of Object Detection. arXiv
2020, arXiv:2004.10934.

22. Wang, C.Y,; Liao, HY.M.; Wu, Y.H.; Chen, P.Y.; Hsieh, ] W.; Yeh, L.H. CSPNet: A New Backbone That Can Enhance Learning
Capability of CNN. In Proceedings of the Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13-19 June 2020;
pp. 390-391.

23. He, K,; Zhang, X;; Ren, S.; Sun, J. Spatial Pyramid Pooling in Deep Convolutional Networks for Visual Recognition. IEEE Trans.
Pattern Anal. Mach. Intell. 2015, 37, 1904-1916. [CrossRef] [PubMed]

24. Misra, D. Mish: A Self-Regularized Non-Monotonic Activation Function. arXiv 2019, arXiv:1908.08681.

25. Jocher, G.; Stoken, A.; Chaurasia, A.; Borovec, J.; Kwon, Y.; Michael, K.; Changyu, L.; Fang, J.; Skalski, P; Hogan, A_; et al.
Ultralytics/ Yolov5 at v6.0. Available online: https://github.com/ultralytics/yolov5/tree/v6.0 (accessed on 7 October 2024).

26. Han, K.; Wang, Y.; Tian, Q.; Guo, J.; Xu, C.; Xu, C. GhostNet: More Features from Cheap Operations. In Proceedings of the

Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 13-19 June 2020; pp. 1580-1589.


http://doi.org/10.3390/drones6060147
http://dx.doi.org/10.1109/TITS.2020.2972974
http://dx.doi.org/10.3390/drones7120694
http://dx.doi.org/10.3390/drones7100620
http://dx.doi.org/10.3390/drones7030190
http://dx.doi.org/10.1109/JPROC.2023.3238524
http://dx.doi.org/10.1007/s11263-013-0620-5
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://www.ncbi.nlm.nih.gov/pubmed/27295650
http://dx.doi.org/10.3390/make5040083
http://dx.doi.org/10.1109/TPAMI.2015.2389824
http://www.ncbi.nlm.nih.gov/pubmed/26353135
https://github.com/ultralytics/yolov5/tree/v6.0

Sensors 2025, 25,2193 25 of 25

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44.

Wang, K.; Liew, ]. H.; Zou, Y.; Zhou, D.; Feng, ]. PaNet: Few-Shot Image Semantic Segmentation with Prototype Alignment. In
Proceedings of the International Conference on Computer Vision (ICCV), Seoul, Republic of Korea, 27 October—2 November 2019;
pp. 9197-9206.

Li, C; Li, L.; Jiang, H.; Weng, K.; Geng, Y.; Li, L.; Wei, X. YOLOvV6: A Single-Stage Object Detection Framework for Industrial
Applications. arXiv 2022, arXiv:2209.02976.

Wang, C.Y.; Bochkovskiy, A.; Liao, H.Y.M. YOLOvV7: Trainable Bag-of-Freebies Sets New State-of-the-Art for Real-Time Object
Detectors. In Proceedings of the Computer Vision and Pattern Recognition (CVPR), Vancouver, BC, Canada, 17-24 June 2023;
pp. 7464-7475.

Wang, C.Y.; Yeh, LH.; Liao, H.Y.M. YOLOV9: Learning What You Want to Learn Using Programmable Gradient Information. In
Proceedings of the European Conference on Computer Vision (ECCV), Milan, Italy, 29 September-27 October 2024; pp. 1-21.
Wang, A.; Chen, H.; Liu, L.; Chen, K,; Lin, Z.; Han, ]J.; Ding, G. YOLOv10: Real-Time End-to-End Object Detection. arXiv
2024, arXiv:2405.14458.

Zeng, S.; Yang, W.; Jiao, Y. SCA-YOLO: A New Small Object Detection Model for UAV Images. Vis. Comput. 2024, 40, 1787-1803.
[CrossRef]

Shin, Y,; Shin, H.; Ok, J.; Back, M.; Youn, J.; Kim, S. DCEF2-YOLO: Aerial Detection YOLO with Deformable Convolution-Efficient
Feature Fusion for Small Target Detection. Remote Sens. 2024, 16, 1071. [CrossRef]

Dai, J.; Qi, H.; Xiong, Y.; Li, Y,; Zhang, G.; Hu, H.; Wei, Y. Deformable convolutional networks. In Proceedings of the International
Conference on Computer Vision (ICCV), Venice, Italy, 2229 October 2017; pp. 764-773.

Chen, Z.; Liu, C.; Filaretov, V.E,; Yukhimets, D.A. Multi-Scale Ship Detection Algorithm Based on YOLOV? for Complex Scene
SAR Images. Remote Sens. 2023, 15, 2071. [CrossRef]

Zhang, Q.L.; Yang, Y.B. SA-Net: Shuffle Attention for Deep Convolutional Neural Networks. In Proceedings of the IEEE
International Conference on Acoustics, Speech and Signal Processing (ICASSP), Toronto, ON, Canada, 6-11 June 2021;
pp- 2235-2239.

Zhu, X,; Lyu, S.; Wang, X.; Zhao, Q. TPH-YOLOvV5: Improved YOLOV5 based on transformer prediction head for object detection
on drone-captured scenarios. In Proceedings of the International Conference on Computer Vision (ICCV), Montreal, QC, Canada,
10-17 October 2021; pp. 2778-2788.

Woo, S.; Park, J.; Lee, ].Y.; Kweon, 1.S. Cbam: Convolutional block attention module. In Proceedings of the European Conference
on Computer Vision (ECCV), Munich, Germany, 8-14 September 2018; pp. 3-19.

Carion, N.; Massa, F.; Synnaeve, G.; Usunier, N.; Kirillov, A.; Zagoruyko, S. End-to-End Object Detection with Transformers. In
Proceedings of the European Conference on Computer Vision (ECCV), Glasgow, UK, 23-28 August 2020; pp. 213-229.

Zhao, Y,; Lv, W;; Xu, S.; Wei, ].; Wang, G.; Dang, Q.; Liu, Y.; Chen, J. Detrs beat yolos on real-time object detection. In Proceedings
of the Computer Vision and Pattern Recognition (CVPR), Seattle, WA, USA, 16-22 June 2024; pp. 16965-16974.

Kong, Y,; Shang, X.; Jia, S. Drone-DETR: Efficient Small Object Detection for Remote Sensing Image Using Enhanced RT-DETR
Model. Sensors 2024, 24, 5496. [CrossRef] [PubMed]

Peng, Y,; Li, H.; Wu, P,; Zhang, Y.; Sun, X.; Wu, F. D-FINE: Redefine Regression Task in DETRs as Fine-grained Distribution
Refinement. arXiv 2024, arXiv:2410.13842.

Huang, S.; Lu, Z.; Cun, X,; Yu, Y.; Zhou, X.; Shen, X. DEIM: DETR with Improved Matching for Fast Convergence. In Proceedings
of the Computer Vision and Pattern Recognition (CVPR), Nashville, TN, USA, 11-15 June 2025.

Du, D.; Zhu, P.; Wen, L.; Bian, X.; Lin, H.; Hu, Q.; Zhang, L. VisDrone-DET2019: The vision meets drone object detection in
image challenge results. In Proceedings of the International Conference on Computer Vision (ICCV), Seoul, Republic of Korea, 27
October-2 November 2019.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual

author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.


http://dx.doi.org/10.1007/s00371-023-02886-y
http://dx.doi.org/10.3390/rs16061071
http://dx.doi.org/10.3390/rs15082071
http://dx.doi.org/10.3390/s24175496
http://www.ncbi.nlm.nih.gov/pubmed/39275406

	Introduction
	Related Work
	Development of YOLO Series
	YOLO-Based Improvements for UAV Detection
	Transformer-Based Object Detection

	Materials and Methods 
	Introduction to the YOLOv8 Network
	Overview of the RFAG-YOLO Architecture
	The RFN Block
	Improved FasterNet Backbone Based on RFN Block
	Feature Fusion Module Based on Scale Attention

	Experiment
	Dataset
	Evaluation Metrics
	Experimental Environment
	Comparison of RFAG-YOLO with Baseline Model YOLOv8
	Ablation Experiments
	Comparison with Other Advanced Models
	Interpretability Experiments

	Discussion
	Conclusions
	References 

