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Highlights

What are the main findings?

• A YOLOSO small target enhanced detection algorithm is proposed by optimizing
YOLOv11, which adds a P2 high-resolution feature layer, improves C3k2 and C2PSA
modules (proposing C3k2SO and C2PSASO), and adopts an ED-CBAM attention mod-
ule together with multi-scale structural optimization, effectively solving the problems
of small target feature loss and poor scale adaptability in UAV ground detection.

• Tests conducted on the VisDrone2019-DET dataset demonstrate that the proposed
YOLOSO (3.56M parameters, 37.3% mAP50) surpasses representative lightweight
YOLO architectures (including YOLOv8n, YOLOv9t, YOLOv10n, and YOLOv11n)
regarding the values of recall, mAP50, and mAP50–95. Meanwhile, its medium-to-
large variant YOLOSO-S (14.85M parameters, 45.3% mAP50) attains a more favorable
trade-off between computational efficiency and detection accuracy. Experiments on
the DOTAv1 dataset further confirm its generalization capability.

What are the implications of the main findings?

• The optimized network structure and core modules provide a new optimization idea
for the improvement of lightweight target-detection models, which can be referenced
for the improvement of target-detection algorithms in similar small target and complex
background scenarios.

• Both the YOLOSO algorithm and its YOLOSO-S variant can satisfy the technical
requirements for real-time sensing and detection in pilotless aircraft scenarios like in-
telligent security, offering dependable technical support for the real-world deployment
of UAV-based ground target detection.

Abstract

In response to the challenges in UAV-oriented ground small-object localization and detec-
tion, including the easy loss of tiny target features, insufficient scale adaptability, severe
interference from complex backgrounds, as well as high missed and false detection rates
and the inadequate localization accuracy of the conventional YOLOv11n model in such
scenarios, this paper takes YOLOv11n as the basic framework and performs systematic op-
timization from three aspects, network structure, core modules, and feature enhancement,
proposing a lightweight small-object-enhanced detection algorithm named YOLOSO for
UAV applications. By introducing a P2 high-resolution feature branch with a stride of 4, a
four-scale detection structure consisting of P2-P3-P4-P5 is constructed, which reduces the
minimum detection stride from 8 to 4 and alleviates the loss of detailed feature information
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for ultra-tiny targets. A bidirectional “top-down + bottom-up” multi-scale feature fusion
strategy is utilized to improve the complementation between deep semantic information
and shallow detailed features, while the core modules C3k2SO and C2PSASO are opti-
mized and redesigned, respectively; by adjusting the channel compression ratio (0.25 for
shallow modules and 0.75 for deep modules in C3k2SO; 0.25 in C2PSASO), optimizing the
convolution kernel configuration (combining 1 × 3 and 3 × 1 convolutions), increasing
the number of attention heads (from 4 to 8), and introducing residual connections with
a 1 × 1 convolutional branch, the refinement and focusing ability of small-object feature
extraction are improved. Additionally, an Enhanced Dual-branch Convolutional Block
Attention Module (ED-CBAM) is proposed to further suppress background interference.
Experimental results on the VisDrone2019-DET dataset demonstrate that the proposed
YOLOSO contains 3.56M parameters and maintains a lightweight structure, attaining P,
R, and mAP50 values of 47.2%, 36.8%, and 37.3% in the test set, which are 4.5 percentage
points, 4.8 percentage points, and 3.7 percentage points higher than those of the baseline
YOLOv11n (42.7%, 32.0% and 33.6%), respectively. Meanwhile, the medium-to-large ver-
sion YOLOSO-S (14.85M parameters, 45.3% mAP50) reduces the number of parameters by
53.6% compared with the same-scale Rtdetr-L (32.0M) while achieving significantly better
performance (37.8% mAP50). Experiments on the DOTAv1 dataset further confirm the
generalization of YOLOSO, achieving 62.2% precision and 27.3% mAP50, outperforming all
compared YOLO models. Evaluated on the DOTA-v1 dataset, YOLOSO achieves a feasible
FPS of 20.53. Although slightly slower than mainstream lightweight YOLO models, the
substantial accuracy gains fully offset the minor inference speed loss, and such performance
trade-off is acceptable for practical UAV deployment. Ablation experiments verify that
structural optimization (2.8 percentage points mAP50 improvement, from 33.6% to 36.4%)
and the proposed C2PSASO (0.7 percentage points mAP50 improvement to 34.3%) and
C3k2SO (1.4 percentage points mAP50 improvement to 35.0%) modules all contribute
positive performance gains with favorable complementarity. While retaining lightweight
characteristics, the model effectively enhances the detection accuracy of small objects
in unmanned aerial vehicle scenarios and can provide technical references for practical
applications such as remote sensing monitoring and security patrolling.

Keywords: small target detection; YOLO; feature fusion; attention mechanism

1. Introduction
With the in-depth integration of drone technology and computer vision, UAV-oriented

ground target detection has evolved into a core supporting technology in fields such as
remote sensing monitoring, smart agriculture, security patrols, and emergency rescue [1–3].
Compared with traditional ground monitoring and satellite remote sensing, UAVs, with
their advantages of flexibility, low cost, and high-resolution imaging, can quickly acquire
ground observation data in complex scenarios and realize the real-time perception and
accurate positioning of ground targets [4,5]. However, UAV-view ground target detection
is confronted with numerous inherent challenges: an extremely high proportion of small
targets (for instance, distant vehicles, pedestrians, and crop seedlings only account for 1–5%
of image pixels); sparse feature information that is susceptible to interference from back-
ground clutter; significant variations in target scales, where both large close-range targets
and small distant targets coexist in the same scene; and complex imaging environments
that are greatly influenced by factors such as illumination changes, airflow vibration, and
occlusion [6–8]. These problems cause traditional target-detection algorithms to suffer from
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missed detection, high false detection rates, and insufficient positioning accuracy in UAV
scenarios, making them difficult to meet practical application requirements.

You Only Look Once (YOLO) [9] has been extensively applied in UAV-based ground
target-detection tasks, thanks to its end-to-end inference capability and the balanced perfor-
mance between speed and accuracy [9–11]. As the latest iteration of the series, YOLOv11
further improves feature representation capability and inference efficiency by introducing
the C3k2 feature-extraction module, C2PSA attention mechanism, and optimized detection
head structure [12]. Nevertheless, the original design of YOLOv11 is primarily tailored
for general scenarios, and it still exhibits obvious deficiencies in small-target detection for
UAVs: first, the large stride of characteristic extraction layers (with a minimum stride of
8) results in the severe loss of detailed features of small targets during the downsampling
process; second, the excessively high channel compression ratio (default e = 0.5) makes it
challenging to retain the limited feature information of small targets; third, the inadequate
refinement of the attention mechanism prevents it from effectively focusing on small-target
regions and suppressing interference from complex backgrounds [13,14]. Therefore, it is
of important theoretical value and engineering significance to carry out targeted improve-
ments on YOLOv11 according to the characteristics of UAV small targets, so as to enhance
its detection performance in low-pixel, strong-interference, and multi-scale scenarios.

As an authoritative benchmark dataset for UAV vision tasks, the VisDrone dataset
is composed of 10,209 images that were collected under different altitudes and scene
conditions, covering 10 common object categories including pedestrians, vehicles, and
bicycles. Among them, small targets (pixel area < 32 × 32) account for more than 40%,
which realistically simulates the complex scenarios of UAV-based ground detection [15]. In
addition to VisDrone, DOTAv1 is another mainstream large-scale benchmark dedicated
to aerial object-detection tasks, which is widely adopted in UAV remote sensing detection
research [16]. This dataset contains 2806 high-resolution aerial images collected from
diverse geographic regions and shooting perspectives, annotating a total of 188,282 object
instances across 15 categories such as airplanes, ships, storage tanks, and vehicles. Different
from ordinary UAV datasets focusing on horizontal bounding box detection, DOTAv1
features abundant arbitrarily oriented objects and densely distributed tiny targets, which
poses great challenges to multi-scale and rotated object detection algorithms and can
comprehensively evaluate the robustness of detection models in complex aerial scenes.
Conducting algorithm research and validation based on the above datasets can effectively
ensure the practicality and generalization ability of the improved algorithm.

2. Related Work
2.1. Research Progress of UAV-Based Ground Target-Detection Technology

Due to the particularity of scenarios, UAV-based ground target detection has formed
a research paradigm of “general detection algorithm adaptation + scenario-specific opti-
mization”. Early research efforts mostly relied on traditional computer vision techniques,
including background modeling [17], threshold segmentation [18], and manual feature
extraction [19]. However, these methods depend on manually designed feature operators,
exhibit extremely poor adaptability to small targets and complex backgrounds, and fail to
meet the dynamic requirements of UAV scenarios. CNN-based target detection has turned
into the dominant.

As a classic representative of two-phase target-detection approaches, Faster R-CNN
first utilizes a Region Proposal Network (RPN) to generate candidate regions and then
carries out target classification, as well as bounding box regression [20]. Xiao et al. proposed
a multi-resolution detection approach based on a modified R-CNN architecture, which
improved the accuracy of ship detection in SAR images with complex resolutions by
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adjusting the input image size and optimizing region proposal strategies [21]. Ke et al.
integrated deformable convolution into Faster R-CNN to enhance its adaptability to the
geometric deformations of ships [22]. Jian et al. designed the SS R-CNN framework,
which improved the detection performance of small ship targets by pre-training a feature
representation network through a self-supervised learning method [23]. Nevertheless,
two-stage algorithms possess high computational complexity and low inference speed,
rendering them difficult to meet the real-time detection demands of UAV-based tasks [24].

One-stage target-detection algorithms omit the region proposal step and directly
conduct end-to-end target localization and classification, providing a more favorable coor-
dination between processing speed and result accuracy. Algorithms including the YOLO
series [9,10,25,26], SSD [27], and RetinaNet have been extensively employed in UAV ap-
plication scenarios [28]. Yu et al. incorporated the coordinate attention mechanism and
bidirectional feature pyramid into YOLOv5, which improved the efficiency of feature fusion
and the accuracy of target detection [29]. Miao et al. integrated wavelet decomposition
with an improved SSD model to strengthen the detection capability of near-shore ships
in complex SAR environments [30]. Yang et al. proposed the ImprovedFCOS algorithm,
resolving problems such as small target detection difficulties and misclassification in SAR
images through multi-scale feature attention and feature refinement reuse [31]. Due to its ca-
pability of efficient feature extraction, the YOLO series is widely recognized as the preferred
framework for ground target detection. Its latest versions (e.g., YOLOv11) have further
enhanced their adaptability to complex scenarios through architectural optimization [12].

In addition, targeting the particularity of UAV small target detection, researchers
have explored multi-modal fusion strategies. Liu et al. [32] put forward the TarDAL
model, which integrates infrared and visible light data via target-aware dual adversarial
learning to enhance the robustness of target detection in complex scenarios; Shen et al. [33]
designed the ICAFusion module, which guides feature fusion based on iterative cross
attention to strengthen the semantic consistency of targets in multi-spectral images. These
methods mitigate the issue of insufficient small-target features in single-modal data by
fusing complementary information from different modalities, but they also encounter
difficulties such as increased computational complexity and challenges in modal alignment.

2.2. Research on Small-Target-Detection-Enhancement Technologies

The core challenges in detecting small targets lie in the sparsity of feature information,
low signal-to-noise ratio, and high susceptibility to background interference. Existing
enhancement technologies mainly focus on three directions: feature enhancement, scale
adaptability, and attention mechanisms.

Feature enhancement technologies preserve small target detail information by recon-
structing the feature extraction process. Zhang et al. [34] proposed the SuperYOLO model,
which introduces super-resolution reconstruction technology to assist target detection and
enhance the detailed representation of small targets, though it increases training overhead
and relies heavily on the quality of reconstruction results. A cosine similarity-guided mod-
ule dedicated to feature decomposition and fusion was integrated into YOLOv8 by Guo and
his colleagues, with lightweight cross-modal alignment realized through the decomposition
of common-specific features [35]. Fei et al. put forward an attention-directed differential
fusion mechanism based on YOLOv5, which strengthens both the modeling of comple-
mentary features and the guidance of regions with salient targets [36]. A dual-branch
asymmetric attention backbone network and a feature fusion pyramid were designed
by Wang et al., realizing the mutual enhancement of semantic information and detailed
features between the backbone network and the fusion layer [37]. These methods have
alleviated the problem of small-target feature loss to a certain extent by optimizing feature
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extraction and fusion strategies, but their adaptability to extreme scale variations in UAV
application scenarios still needs to be further improved.

Scale adaptability technologies focus on the effective utilization of multi-scale features.
Traditional methods construct multi-scale feature maps through Feature Pyramid Networks
(FPNs), but deep feature maps have low resolution, and small target features are easily
diluted [38]. Liu et al. proposed the Adaptive Spatial Feature Fusion (ASFF) module, which
fuses features of different scales by learning adaptive weights to strengthen the uniformity
of multi-scale object detection [39]. Zhao et al. put forward MSFA-YOLO, integrating C2fSE
and DenseASPP modules to strengthen the representation of multi-scale features [40].
DGSP-YOLO was designed by Zhu et al., which achieves a significant improvement in
small-target-detection capability and noise resistance through the embedding of SPDConv,
C2fMHSA, and DySample samplers [41]. These methods achieve a better balance between
small and large target detection by optimizing the generation and fusion of multi-scale
features. However, some of these designs suffer from excessively high computational
complexity, which limits their practical application in real-time scenarios.

Attention mechanisms have emerged as a key technology for small target detection, as
they can strengthen the feature representation of target regions and suppress interference
from complex backgrounds. MAEE-Net was proposed by Li et al., which integrates the
Multi-Attention Feature Fusion Module (MAFM) and Edge Feature Enhancement Module
(EFEM) into the neck network to boost shallow-layer target features and inhibit background
interference [42]. Luo and his collaborators designed SHIP-YOLO, introducing a random
attention mechanism and Wise-IoU loss to tackle the detection issues posed by small targets
and complex backgrounds [43]. Woo et al. proposed the Convolutional Block Attention
Module (CBAM), which improves the discriminative power of features through the synergy
of channel attention and spatial attention [44]. These methods are capable of guiding the
network to focus on small target regions, but some attention modules suffer from issues
such as parameter redundancy and low computational efficiency, making them difficult to
be directly applied to UAV edge deployment.

2.3. Research on Improvements to the YOLO Series Algorithms

Owing to their compact structure and superior inference efficiency, the YOLO series
has stood out as the predominant framework in UAV-borne target detection, and current
improvements are primarily centered on four directions: backbone network optimization,
feature fusion enhancement, detection head refinement, and loss function design.

Backbone network optimization is designed to enhance feature-extraction capability.
Jocher and his colleagues proposed YOLOv5; the C3 module and Spatial Pyramid Pooling-
Fast (SPPF) module enable this model to strike a balance between feature extraction ability
and computational efficiency [45]. Ge et al. put forward YOLOX, employing a decoupled
head and the SimOTA label assignment strategy to boost detection precision and conver-
gence speed [46]. Wang et al. developed YOLOv7, introducing the E-ELAN architecture
and trainable free plugins to further elevate real-time detection performance [10]. Tian et al.
presented YOLOv12, strengthening the computational efficiency of attention mechanisms
and feature aggregation capability through the Area Attention and R-ELAN modules [47].
These improvements enhance adaptability to complex scenarios by optimizing the feature-
extraction process.

Feature fusion enhancement focuses on the effective integration of multi-scale features.
PANet [48] enhances the semantic information of shallow features through a bottom-up
feature fusion path; BiFPN introduces weighted feature fusion and cross-scale connections
to improve the flexibility of feature fusion [49]; the ASFF achieves the refined fusion of
multi-scale features through adaptive weight learning and has been widely applied to

https://doi.org/10.3390/drones10070484

https://doi.org/10.3390/drones10070484


Drones 2026, 10, 484 6 of 27

improvements of the YOLO series [39]; Zhu et al. introduced the ACmix module into
YOLOv8, integrating convolution and self-attention mechanisms to strengthen global
context modeling capability [50].

Detection head design aims to enhance the precision of classification and regression.
YOLOv8 adopts a disentangled detection head, decoupling the two tasks of classification
and regression to alleviate cross-task interference [35]; YOLOv10 introduces a dynamic
detection head, improving the detection consistency of multi-scale targets by adaptively
adjusting the detection branch structure [10]; YOLOv11, which this paper is based on,
adopts C3k2 and C2PSA modules to enhance the perception capability of structured
features [12].

Loss function design is mainly devoted to refining bounding box regression and clas-
sification performance. Rezatofighi et al. proposed GIoU loss to alleviate the issue caused
by non-overlapping candidate boxes [51]. Zheng et al. proposed DIoU loss, accelerating
convergence by penalizing the center distance of bounding boxes [52]. CIoU loss further
incorporates the scale ratio characteristics of bounding boxes to boost overall regression
performance [53]. SIoU loss was proposed by Gevorgyan; angle penalty and shape-aware
penalty are introduced to boost the convergence speed and positioning accuracy [54].
Zhang and his colleagues proposed Inner-SIoU loss, integrating the direction awareness
of SIoU and the internal scaling mechanism of Inner-IoU to strengthen the robustness of
bounding box regression in SAR images [55].

2.4. Summary of Research Status

While existing research has yielded substantial advancements in ground target de-
tection, several limitations persist in the scenario of small-target detection, these issues
can be summarized as follows: (1) excessively high channel compression ratios employed
in feature-extraction modules tend to induce the loss of sparse and valuable detailed fea-
tures inherent to small targets; (2) conventional multi-scale feature fusion schemes exhibit
inadequate adaptability to drastic scale variations, thereby impeding the balanced detec-
tion performance between small and large targets; (3) standard attention mechanisms
lack sufficient fine-grained refinement capability, rendering them ineffective in accurately
concentrating on small-target regions while suppressing interference from complex back-
grounds; (4) certain enhanced detection models are accompanied by elevated computational
complexity, which hinders their practical deployment on UAV edge platforms for real-time
detection tasks.

To tackle the aforementioned issues, this study employs YOLOv11n as the baseline
framework and performs targeted optimization from three perspectives, network architec-
ture, key functional modules, and feature representation enhancement, thereby developing
an efficient detection model tailored for small-target detection in UAV scenarios.

3. Materials and Methods
3.1. Overall Algorithm Architecture

Based on the YOLOv11n framework, this study carries out systematic optimization
from three dimensions—network structure, core modules, and feature enhancement—to
solve the problems of feature loss, poor scale adaptability, and intense background inter-
ference existing in UAV small-target detection. Correspondingly, an improved algorithm
named YOLOSO is proposed. The overall architecture of the proposed YOLOSO adheres
to the classic paradigm of “backbone network—feature fusion—detection head”, and its
specific structure is illustrated in Figure 1.
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Figure 1. Concrete structural composition of YOLOSO.

3.1.1. Optimization Design for Network Structure

The detection branches of the original YOLOv11n model are P3/P4/P5, with a mini-
mum stride of 8, which poses difficulties in capturing the details of tiny targets. To improve
the performance for targets, a high-resolution P2 feature branch (with a stride of 4) is
added in this paper, thereby constructing a four-scale detection framework consisting of
“P2-P3-P4-P5”. The core merits of this structural optimization are as follows: (1) with a
stride of only 4, the feature map resolution of the P2 branch is twice that of the P3 branch,
enabling it to preserve more detailed information of small targets; (2) deep fusion of the P2-
P3-P4-P5 branches is realized through multi-scale upsampling and feature concatenation,
which enhances the feature correlation of targets across different scales; (3) each branch is
equipped with a feature-extraction module tailored to small targets, which improves the
pertinence of feature representation.

3.1.2. Principle of Feature Fusion

The feature fusion process follows a bidirectional fusion strategy of “top-down +
bottom-up” and realizes the complementary enhancement of multi-scale features through
Upsample and Concat operations. For any scale feature layer Fi(i ∈ {2, 3, 4, 5}), the
mathematical expression of its fused feature F f use

i is as follows:

F f use
i = Concat(Unsample(F f use

i+1 ), Fbackbone
i ) (1)

Fre f use
i = C3k2SO(F f use

i ) (2)

3.2. Optimization Design of Core Modules for Small Target Detection

To address the problems of severe feature loss and severe background interference for
UAV small targets, this paper carries out targeted performance optimization on two core
modules of YOLOv11, namely C3k2 and C2PSA.
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3.2.1. Design of Optimized C3k2SO Module

The conventional C3k2 module has inherent limitations, including excessively high
channel compression ratio, single-scale coarse convolution kernels, and deficient attention
perception capability, which readily cause feature degradation and information atten-
uation of small targets. To solve the above issues, this study proposes the improved
C3k2SO module.

The C3k2SO module is developed based on the C2f framework and retains its basic
structure composed of multi-parallel branches and adaptive feature fusion. By reconfigur-
ing the channel compression ratio, optimizing the convolution kernel combination, and
upgrading the attention mechanism, the module achieves remarkable improvement in
the feature-extraction capability for small targets. The detailed structure is illustrated in
Figure 2.

Figure 2. Structure of the C3k2SO module.

To mitigate the channel-wise feature loss of UAV small targets, this work adopts a
hierarchical channel compression strategy. We adjust the expansion ratio to 0.25 for shallow
network modules and 0.75 for deep network modules, while the original value is set to 0.5.
The mathematical expression is as follows:

c = c1 × e (3)

Herein, c1 signifies the quantity of input channels, whereas c represents the channel
dimension of the branch concealed layers. For shallow modules (e.g., P2/P3 branches),
e = 0.25 maximizes the retention of detailed features of small targets; for deep modules
(e.g., P4/P5 branches), e = 0.75 balances feature expression and computational efficiency.

We also adopt a strategy of optimized convolution kernel configuration. This strategy
adjusts the convolution kernel of the Bottleneck module from 3 × 3 to a combination of
1 × 3 and 3 × 1. The 1 × 1 convolutional operation is adopted for feature dimensionality
reduction, while the 3 × 3 convolution is employed to mine local characteristic information.
This approach not only lowers the computational cost but also reinforces the capability of
capturing local textural details of small objects. The analytical expression of the convolution
operation is given as follows:

Fconv = BN(Conv3×3(BN(Conv1×1(Fin)))) (4)

Herein, Fin signifies the input feature tensor of the module, Convk×k(•) represents the
convolutional computation, and BN(•) indicates the batch normalization procedure.

Within the attention branch, the quantity of attention heads in the PSABlock is ad-
justed from max(c//63, 1) to max(c//32, 2), and the attention channel compression ratio
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is reduced from 0.5 to 0.25, so as to strengthen the feature focusing ability on small targets.
The attention weight is calculated as follows:

Attn(Q, K, V) = So f tmax( QKT√
dhead

)V

dhead = c×attn_ratio
num_heads

(5)

where Q, K, V represent the query, key, and value matrices respectively, dhead denotes the
dimension of attention heads, attn_ratio = 0.25 is the attention channel compression ratio,
and num_heads = max(c//32, 2) is the number of attention heads.

Finally, we add a 1 × 1 convolutional layer at the end of the attention branch to achieve
secondary refinement of features, with the mathematical expression as follows:

Fre f ine = SiLU(BN(Conv1×1(Fattn))) (6)

where Fattn signifies the feature tensor output by the attention module, and SiLU(•) stands
for the activation function.

3.2.2. Design of Optimized C2PSASO Module

The original C2PSA module suffers from excessive channel compression, insufficient
attention head quantity, and the absence of a residual connection structure, which easily
trigger gradient vanishing and feature loss of small targets during network forward prop-
agation. A novel improved module named C2PSASO is proposed in this paper, and its
complete network structure is demonstrated in Figure 3.

Figure 3. Structure of the C2PSASO module.

We first optimize the channel compression ratio by changing the expansion ratio from
0.5 to 0.25, so as to alleviate the loss of detailed features of small targets. The calculation
formula for the number of hidden layer channels is as follows:

c = c1 × 0.25 (7)

We adjusted the number of attention heads of PSABlock from c//64 to max(2, c//32)
to enhance the capability of capturing fine-grained features. The calculation formula for
the number of attention heads is as follows:

num_heads = max(2,
⌊ c

32

⌋
) (8)
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We compressed the attention channels by adjusting the attn_ratio of the PSABlock
from 0.5 to 0.25, retaining more attention channels and enhancing the feature representation
of small targets:

cattn = c × 0.25 (9)

Herein, cattn signifies the effective quantity of channels within the attention mechanism.
We also added a residual connection with a 1 × 1 convolutional residual branch to

strengthen gradient propagation and prevent small-target feature loss. The residual fusion
formula is as follows:

Fres = Conv1×1 (Fb )

Fout = SiLU(BN(Fm + Fres ))
(10)

Herein, Fb signifies the input feature tensor of the branch, Fm denotes the output
feature of the attention module, Fres represents the residual feature, and Fout indicates the
ultimate output of the module.

3.3. Design of Enhanced Dual-Branch Convolutional Block Attention Module (ED-CBAM)

The aforementioned C3k2SO and C2PSASO modules have been fundamentally opti-
mized in terms of convolutional structures and internal attention hyperparameters. Never-
theless, UAV aerial scenarios are characterized by cluttered backgrounds and severe noise
interference. A simple single attention mechanism cannot effectively distinguish small
foreground targets from redundant background information, making the features of tiny
targets easily obscured. To further address the deficiencies of the YOLOSO algorithm in
fine-grained feature focusing and background interference suppression, this paper per-
forms dual improvements on the conventional Convolutional Block Attention Module
(CBAM). Optimizations are implemented from two aspects, the channel branch structure
and spatial feature extraction depth, and an Enhanced Dual-branch Convolutional Block
Attention Module (ED-CBAM) is proposed.

This module adopts a lightweight design with a controllable increase in parameters
and features plug-and-play capability. It can be deployed in the backbone network and
feature fusion network. Combined with C3k2SO and C2PSASO modules, ED-CBAM
jointly improves the network’s ability to capture features of small UAV targets. The overall
structure of ED-CBAM is illustrated in Figure 4.

Figure 4. Structure of the ED-CBAM module.
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As shown in Figure 4, ED-CBAM retains the serial two-stage optimization architecture
of CBAM, namely channel attention followed by spatial attention, while targeted improve-
ments are made to both sub-modules. For the channel attention branch, the traditional
single-path pooling mapping structure is replaced with a parallel dual-branch structure.
Adaptive average pooling and adaptive max pooling are adopted to collect global statis-
tical information and critical extreme value information of feature channels, respectively.
Each branch independently conducts feature compression and nonlinear mapping via
two stacked 1 × 1 convolutional layers. The outputs of the two branches are fused and
activated by the Sigmoid function to generate channel attention weights, which enhances
the response of important feature channels and suppresses invalid ones.

In the spatial attention branch, the single 3 × 3 convolutional layer in the original
CBAM is replaced by a multi-layer convolutional structure with increased depth. For
the channel-weighted feature maps, mean features and maximum features are calculated
separately and concatenated along the channel dimension. The fused features are then
fed into a two-layer 3 × 3 convolutional network to explore spatial dependencies between
pixels. The deep convolutional structure can extract the fine spatial texture features of small
targets and accurately locate tiny targets. Meanwhile, the module integrates an adaptive
channel threshold mechanism to dynamically adjust the channel compression ratio. This
mechanism solves abnormal operation issues of feature layers with a small number of
channels and enhances the general applicability of the module.

In terms of forward propagation, the input features are first processed by the dual-
branch channel attention for channel dimension screening and then calibrated by the deep
spatial attention in the spatial dimension. Finally, high-quality features optimized in two
dimensions are outputted. Compared with the original CBAM, ED-CBAM integrates global
and local features, as well as shallow and deep spatial information, and possesses stronger
anti-interference performance. It can remarkably improve the utilization of small target
features in complex UAV aerial scenarios.

4. Results
4.1. Experimental Environment

The adopted hardware configuration for neural network training in this study is
described as follows: the graphical processing unit (GPU) utilizes a single virtual GPU
equipped with 48 GB of video memory, yielding a total available video memory of 48 GB;
the central processing unit (CPU) is a virtual 20-core Intel® Xeon® Platinum 8470Q proces-
sor. The comprehensive hardware resources furnish robust computational capability and
sufficient memory support to ensure stable model training.

4.2. Dataset

In this experiment, the VisDrone2019-DET dataset [15] is employed. As a large-scale
benchmark for object detection under drone-borne imagery, this dataset was developed by
the AI-Eye Team of the Machine Learning and Data Mining Laboratory at Tianjin University.
It aims to promote research and development in the field of automatic understanding of
drone vision data and provides a comprehensive and rigorous evaluation platform for
object-detection algorithms in drone scenarios. This dataset consists of 10,209 static images,
together with 288 video segments and 261,908 video frames. All data are acquired by
cameras equipped on various drone platforms, covering diverse scenarios across 14 cities
in China, among which urban and rural regions serve as the two primary environmental
settings. It involves scenes with varying target densities such as sparse and dense dis-
tributions, and the collection process is conducted under diverse weather and lighting
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conditions. This can fully simulate the complex environmental constraints in real drone
operations, demonstrating strong scene representativeness and practicality.

Regarding data annotation, the VisDrone2019-DET dataset employs meticulous man-
ual annotation, with a total of over 2.6 million bounding boxes marked across 12 distinct
object categories. Specifically, these categories include ignored regions (ID 0), pedestrians
(ID 1), people (ID 2), bicycles (ID 3), cars (ID 4), vans (ID 5), trucks (ID 6), tricycles (ID
7), awning tricycles (ID 8), buses (ID 9), motorcycles (ID 10), and others (ID 11). Among
them, there are 10 valid object categories (excluding ignored regions). Pedestrians and
cars are the dominant categories, accounting for approximately 35% and 25%, respectively,
which conforms to the object distribution characteristics of actual drone observation scenar-
ios. Each annotation entry incorporates comprehensive attribute descriptions, such as the
horizontal and vertical coordinates of the bounding box’s top-left corner (x, y), as well as
its corresponding width and height, together with an evaluation validity flag (1 indicates
inclusion in evaluation, 0 denotes exclusion), class ID, target truncation level (ranging
from 0 to 2, corresponding to no truncation, partial truncation, and complete truncation
in sequence), and occlusion level (ranging from 0 to 2, representing no occlusion, partial
occlusion, and heavy occlusion, respectively). These multi-dimensional annotation details
provide strong support for the robustness verification and fine-grained performance analy-
sis of algorithms and can meet the training and testing requirements of object-detection
algorithms in complex scenarios.

The dataset is partitioned into three distinct subsets: training, validation, and test.
Specifically, the training set comprises 6471 images, while the validation set contains
548 images. The test subset is further divided into a standard test set with 1610 images
and an extended test set (including test-dev), amounting to 3190 images in total. The
test-dev subset provides annotation information and can be used for publishing academic
paper results, while the test-set-challenge subset is only for competitions without anno-
tations provided. A key attribute of this dataset lies in its considerable variance in object
scales: approximately 31.6% of targets are smaller than 32 × 32 pixels, while 70% are below
64 × 64 pixels, thus rendering it a representative dataset for dense small-object detec-
tion. Meanwhile, it presents real-scene challenges such as inconsistent image resolutions
(common resolutions range from 1360 × 765 to 2000 × 1500), target occlusion, motion
blur, and uneven illumination. These factors can effectively verify the adaptability and
performance upper bound of object-detection algorithms from drone perspectives, and
the dataset is widely applied in academic research and algorithm verification for drone-
based object detection, small object detection, complex scene adaptation, and related fields.
Figure 5 presents several representative annotated samples from the VisDrone2019-DET
dataset. These examples vividly illustrate the visualization of bounding box annotations
and category labels for diverse objects under different scenarios and intuitively reflect the
annotation protocols and object distribution characteristics of the dataset.

To comprehensively evaluate the overall performance of the proposed algorithm and
eliminate the contingency of experimental results on a single dataset, so as to enhance the
generalization capability and universal applicability of the model in various aerial detec-
tion scenarios, this study additionally conducts comparative experiments on the DOTAv1
dataset [16]. As a canonical large-scale benchmark for high-resolution remote sensing aerial
object detection, DOTAv1 contains 2806 aerial images collected from diverse geographical
scenes and shooting perspectives, covering 15 fine-grained object categories such as air-
planes, ships, storage tanks, and large-sized vehicles, with more than 188,000 annotated
target instances in total. Different from VisDrone2019-DET that adopts horizontal bounding
box annotation, DOTAv1 specializes in oriented object detection, where most targets are
arbitrarily arranged with random rotation angles and densely distributed in wide-range
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complex backgrounds. Such unique characteristics bring severe challenges for multi-scale
feature learning and the high-precision localization of rotated tiny objects. Figure 6 dis-
plays typical annotated samples of the DOTAv1 dataset, which explicitly demonstrates the
oriented bounding box annotation form and complex target distribution features of remote
sensing aerial scenes.

 

Figure 5. Examples of the VisDrone2019-DET dataset.

 

Figure 6. Examples of the DOTAv1 dataset.
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4.3. Evaluation Metrics

To comprehensively assess the detection performance and engineering applicability of
the proposed model, this experiment adopts six representative metrics widely used in object
detection, namely precision (P), recall (R), mean average precision mAP@50, and mean
average precision mAP@50–90. The above metrics are used for comparative analysis from
four dimensions: detection accuracy, localization accuracy, and model lightweight degree.
In addition, GFLOPs (Giga Floating Point Operations Per Second) is introduced as a crucial
metric for evaluating the model’s computational complexity. It represents the number
of floating-point operations (in billions) required for a single forward pass of the model,
directly reflecting the demand on computational resources and inference speed. Lower
GFLOPs typically indicate higher computational efficiency, which is especially important
for deployment on edge devices or real-time systems. The specific definitions, calculation
methods, and evaluation significance of each metric are as follows. All metric computations
are performed in strict accordance with the universal standards in object-detection research,
so as to guarantee the reliability and comparability of the experimental results.

Precision serves as a key indicator for quantifying the accuracy of model detection
outputs. It denotes the ratio of true positive samples to all instances predicted as positive by
the model, which effectively characterizes the model’s capability to mitigate false-positive
detections (i.e., misidentifying background or non-target objects as valid targets). This is of
great significance for practical application scenarios of YOLO models, such as drone-based
small-object detection and remote sensing monitoring, as it helps avoid decision-making
errors caused by false-positive outputs. The corresponding calculation formula is expressed
as follows:

P =
TP

TP + FP
(11)

In the formula, the True Positive (TP) denotes the quantity of samples that are both
truly positive and correctly predicted as positive by the model, corresponding to the targets
successfully detected. the False Positive (FP) refers to the quantity of samples incorrectly
identified as positive despite being negative in reality, namely the background or non-
target objects misjudged by the model. Generally, a higher precision value indicates more
dependable detection outputs and fewer false-positive errors.

Recall is complementary to precision. It quantifies the model’s ability to identify
genuine positive samples, i.e., the ratio of actual positive samples successfully detected
by the model, reflecting its capacity to reduce missed detections. In object-detection tasks,
particularly for small and densely distributed objects, the recall value directly determines
whether the model can fully locate all intended targets. Its calculation formula is as follows:

R =
TP

TP + FN
(12)

In the formula, the False Negative (FN) denotes the quantity of samples that are
truly positive yet misclassified as negative by the model, corresponding to targets that go
undetected. A higher recall value signifies fewer omitted targets and stronger capability
in identifying actual objects. Notably, precision and recall generally maintain a trade-off
relationship: excessive pursuit of higher precision may result in reduced recall, and the
converse also holds. Consequently, the model’s overall detection capability ought to be
evaluated synthetically by integrating these two metrics.

The mean average precision (mAP@50) is evaluated at an IoU threshold of 0.5, focusing
on the model’s recognition ability under relatively lenient localization criteria. In contrast,
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mAP@50–95 refers to the mean average precision computed across a series of IoU thresholds
ranging from 0.5 to 0.95 with a step interval of 0.05, that is

mAP50–95 =
1

10 ∑9
t=0 mAP(IoU = 0.5 + 0.05 × t) (13)

This metric more rigorously reflects the model’s comprehensive detection perfor-
mance under different localization accuracy requirements and serves as a key indicator for
evaluating detection quality.

Parameters (in units of M, meaning millions) serve as a key metric for evaluating the
lightweight level of the model. They quantify the total amount of learnable parameters
within the model, including weight and bias parameters in convolutional layers, fully
connected layers, and other network structures. The scale of parameters is directly asso-
ciated with the model’s memory footprint, training complexity, and inference efficiency:
fewer parameters indicate a more lightweight model, which demands less storage space,
consumes less GPU memory during training, and achieves faster inference, thus being
more applicable to deployment on resource-constrained platforms. Conversely, larger
parameter counts usually strengthen the model’s feature representation capability, but also
lead to higher training difficulty, greater memory and storage consumption, and degraded
inference speed. In this work, parameters are counted in millions (M) to enable an intuitive
comparison of the lightweight characteristics among various YOLO architectures.

4.4. Comparative Experiments
4.4.1. Comparative Algorithm Setup

To objectively and fairly verify the detection performance and lightweight advantages
of the proposed YOLOSO model in this paper, a variety of YOLO-series models provided
by Ultralytics [56] were selected as the core comparison benchmarks, including YOLOv8n,
YOLOv9t, YOLOv10n, and the basic benchmark model YOLOv11n set in this study. In
addition, on the VisDrone-DET2019 dataset, comparative experiments are also conducted
against current state-of-the-art improved YOLO models (such as SuperYOLO [34] and LS-
YOLO [57]). To avoid the distortion of comparison results caused by differences in model
scale and ensure that all comparison models are at the same lightweight level, all the above
YOLO-series models adopt the “n” (nano) version, with their parameters controlled within
3.5M, which is consistent with the lightweight design goal of the proposed YOLOSO model.
In addition, to further validate the model performance in medium and large-scale scenarios,
the Rtdetr-L model [58] was introduced for comparison. Considering its large number
of parameters, the S-version of YOLOSO (YOLOSO-S) was used for a fair comparison
at the same parameter scale to eliminate performance interference caused by model size
differences. Furthermore, to verify the generalization of the proposed model, experiments
are also carried out on the DOTA-v1 dataset, where comparisons are made only against the
official standard models.

To minimize the impact of experimental variables on the comparison outcomes, all
models were trained using the same training dataset and a unified training protocol. The
specific training configurations are as follows: we uniformly set the batch size to 16, set
the initial learning rate to 0.01, and assign a weight decay coefficient of 0.0005 to ease
overfitting. The stochastic gradient descent (SGD) optimizer is employed, with the total
training epoch fixed at 200. Meanwhile, mainstream object-detection-training strategies,
including Mosaic data augmentation, adaptive anchor computation, random cropping, and
flipping, are applied equally across all models to guarantee training consistency.

In the testing stage, identical inference parameters are adopted for all models: the
confidence threshold is set to 0.25, and the IoU threshold for non-maximum suppression
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(NMS) is configured as 0.7. Such settings eliminate disturbances caused by inconsistent
training and inference hyperparameters, thereby ensuring the reliability and accuracy of
the quantitative comparison results.

The detection outputs of each model corresponding to the input image in Figure 7a are
illustrated in Figure 7. It can be observed that the proposed YOLOSO model achieves high-
precision detection toward small vehicles in the scene. To further compare the performance
of different models, key indicators including precision (P), recall (R), mAP@50, mAP@50–95,
and parameters (M) are compared, so as to quantitatively assess the overall performance of
the YOLOSO model in UAV-borne ground small-object-detection tasks.

   
(a) (b) (c) 

   
(d) (e) (f) 

Figure 7. Detection results of YOLOv8n, YOLOv9t, YOLOv10n, YOLOv11n, and our proposed
YOLOSO model on a sample input image. (a–f): input image, detection result of YOLOv8n, detection
result of YOLOv9t, detection result of YOLOv10n, detection result of YOLOv11n, and detection result
of YOLOSO.

4.4.2. Comparison on VisDrone2019-DET

The performance comparison results on the VisDrone2019-DET test set are presented in
Table 1. A dimension diagram is plotted based on these experimental results, as illustrated
in Figure 8.

The comprehensive quantitative performance of all involved detection models on the
VisDrone2019-DET dataset is summarized in Table 1. In this experiment, all comparison
baselines are dominated by multiple mainstream lightweight YOLO-n series models, includ-
ing YOLOv8n, YOLOv10n, and YOLOv11n. The comparison group also contains YOLOv9t,
advanced improved detectors (SuperYOLO, LS-YOLO), the high-performance real-time de-
tector Rtdetr-L, the classical two-stage algorithm Faster-RCNN, and our proposed YOLOSO
and its structurally enhanced variant YOLOSO-S. In terms of computational resource con-
sumption reflected by parameters (M) and GFLOPs, the parameter and computational
overhead of Faster-RCNN are excessively higher than all other competitors, which makes it
inappropriate for horizontal comparison; thus, its corresponding M and GFLOPs data are
not listed in the table. Conventional lightweight YOLO-n models maintain extremely low
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computational costs, with parameters ranging from 2.59 to 3.01 and GFLOPs fluctuating
between 6.5 and 8.8. Such lightweight characteristics enable these basic YOLO-n models to
achieve fast inference speed for edge deployment. Nevertheless, enhanced models such as
SuperYOLO and LS-YOLO increase network complexity to pursue better feature extraction
capability, resulting in a sharp rise in the computational burden, where their GFLOPs reach
20.9 and 42.5, respectively. Different from the lightweight design of mainstream YOLO-n
baselines, YOLOSO-S is not a simplified lightweight model. Instead, it is a complicated
and upgraded version derived from the lightweight YOLO-n architecture. By embedding
additional feature-enhancement modules and multi-scale detection branches, YOLOSO-S
obtains a larger parameter size of 14.85 and a higher GFLOPs value of 66.5. Although its
computational cost is inferior to basic YOLO-n models, it is still more lightweight than the
heavyweight Rtdetr-L (103.4 GFLOPs).

Table 1. Quantitative metrics for comparative experiments on VisDrone2019-DET.

Model M GFLOPs P (%) R (%) mAP50 (%) mAP50–95 (%)

Faster-RCNN - - 43.3 31.8 31.2 17.0
YOLOv8n 3.01 8.8 42.9 32.9 32.6 19.0
YOLOv9t 2.70 7.9 43.1 32.4 32.3 18.6

YOLOv10n 2.70 8.4 42.4 31.6 31.3 18.4
YOLOv11n 2.59 6.5 42.7 32.0 33.6 19.3
SuperYOLO 7.70 20.9 42.5 31.2 31.4 18.3

LS-YOLO 22.60 42.5 41.4 31.8 31.6 17.1
YOLOSO(OUR) 3.56 12.4 47.2 36.8 37.3 22.0

Rtdetr-L 32.00 103.4 49.4 38.3 37.8 22.3
YOLOSO-S(OUR) 14.85 66.5 56.1 43.0 45.3 27.4

 

Figure 8. Multi-dimensional performance comparison of models on VisDrone2019-DET.
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In terms of detection performance, six core evaluation metrics, including precision,
recall, mAP50, and mAP50–95, are adopted to evaluate model capabilities for challenging
aerial small-target detection. The original YOLO-n counterparts present balanced but
mediocre detection performance. The precision and recall of mainstream YOLO-n models
are concentrated at approximately 42.4–43.1% and 31.6–32.9%, while their mAP50 and
mAP50–95 are limited below 33.6% and 19.3%. The modified detectors SuperYOLO and
LS-YOLO fail to achieve effective performance improvement compared with the vanilla
YOLO-n series, and partial indicators are even degraded. Our proposed basic YOLOSO
model achieves prominent performance gains on the basis of YOLO-n frameworks, reach-
ing 47.2% precision, 36.8% recall, 37.3% mAP50, and 22.0% mAP50–95, which outperforms
all lightweight YOLO-n baselines and other modified detectors. Benefiting from the com-
plicated network structure and optimized detection strategies tailored for UAV scenarios,
YOLOSO-S achieves the optimal results across all metrics among all contenders. It achieves
the highest precision of 56.1%, recall of 43.0%, mAP50 of 45.3% and mAP50–95 of 27.4%.
To conclude, the basic YOLOSO realizes an excellent trade-off between computational
complexity and detection accuracy, which is suitable for general real-time aerial detection
tasks. As a high-precision complicated variant, YOLOSO-S sacrifices partial inference
efficiency to achieve state-of-the-art detection performance, proving great application value
for high-precision UAV target-detection tasks.

4.4.3. Comparison with on DOTAv1

To further validate the effectiveness of the proposed model, we conducted additional
experiments on the DOTAv1 dataset, comparing our YOLOSO series against official YOLO
models (YOLOv8n, YOLOv9t, YOLOv10n, YOLOv11n). Table 2 summarize the comparative
results in terms of M, GFLOPs, P, R, and detection accuracy (mAP50 and mAP50–95).

Table 2. Quantitative metrics for comparative experiments on DOTAv1.

Model M GFLOPs P (%) R (%) mAP50 (%) mAP50–95 (%)

YOLOv8n 3.01 8.8 56.3 24.6 24.8 13.7
YOLOv9t 2.70 7.9 58.3 22.2 23.2 12.5

YOLOv10n 2.71 8.4 54.7 20.1 20.1 11.2
YOLOv11n 2.59 6.5 61.2 23.3 23.5 12.6

YOLOSO(OUR) 3.56 12.4 62.2 26.3 27.3 14.9

As shown in Table 2, the proposed YOLOSO model achieves the best overall detection
performance on the DOTA-v1 dataset. In terms of detection precision, YOLOSO reaches
62.2%, which is higher than all baseline models. Its recall rate is 26.3%, outperforming
YOLOv8n, YOLOv9t, YOLOv10n, and YOLOv11n by 1.7%, 4.1%, 6.2%, and 3.0%, respec-
tively. For comprehensive detection accuracy, the mAP50 and mAP50–95 of our model are
27.3% and 14.9%, ranking first among all compared models.

In terms of model scale and computational overhead, YOLOSO has 3.56 M parameters
and 12.4 GFLOPs, which is slightly larger than the lightweight YOLO series models. The
increase in parameters and computation brings a significant improvement in detection accu-
racy, proving that the optimized structure of YOLOSO is effective for aerial target-detection
tasks on the DOTA-v1 dataset. Although the model has a slight rise in computational
complexity, it obtains obvious performance gains and balances detection accuracy and
model applicability well.

4.4.4. Comparison of FPS of Different Models

To comprehensively evaluate the real-time detection performance and practical de-
ployment capability of the proposed YOLOSO model, we further test and compare the
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Frames Per Second (FPS) of all comparative models on the DOTA-v1 dataset. Consistent
with the above comparison experiments, we select the mainstream lightweight YOLO
series models including YOLOv8n, YOLOv9t, YOLOv10n, and YOLOv11n as the baseline
models. All models are tested under the same experimental hardware environment and
parameter configuration to ensure the fairness and credibility of the FPS comparison results.
The real-time inference speed of each model is statistically analyzed, and the differences
in deployment efficiency and detection latency between the YOLOSO model and other
baseline models are quantitatively discussed.

The detailed FPS, parameter quantity (M), computational complexity (GFLOPs), and
detection accuracy (mAP50) of each model are listed in Table 3. It can be observed that the
four baseline lightweight models maintain excellent real-time inference performance, with
FPS values ranging from 26.53 to 35.8. Specifically, YOLOv10n achieves the highest FPS
of 35.8, possessing the fastest inference speed among all comparison models. Compared
with the baseline models, the proposed YOLOSO model has a slightly reduced inference
speed, with an FPS of 20.53. This slight drop in real-time performance is mainly attributed
to the increased model parameters and computational overhead brought by the optimized
structural design.

Table 3. Quantitative comparison of parameters, computational complexity, accuracy, and inference
speed of different models on DOTA-v1.

Model M GFLOPs mAP50 (%) FPS

YOLOv8n 3.01 8.8 24.8 27.47
YOLOv9t 2.70 7.9 23.2 27.6

YOLOv10n 2.71 8.4 20.1 35.8
YOLOv11n 2.59 6.5 23.5 26.53

YOLOSO(OUR) 3.56 12.4 27.3 20.53

Nevertheless, the moderate reduction in FPS is completely acceptable for practical
aerial target-detection deployment scenarios. Compared with all baseline models, YOLOSO
achieves a significant accuracy breakthrough, with its mAP50 reaching 27.3%, which is
2.5%, 4.1%, 7.2%, and 3.8% higher than that of YOLOv8n, YOLOv9t, YOLOv10n, and
YOLOv11n, respectively. The substantial improvement in aerial detection accuracy far
compensates for the minor loss of inference speed. In actual UAV remote sensing and aerial
monitoring deployment tasks, high-precision target detection is the core demand, and
the FPS of 20.53 can fully meet the real-time working requirements of conventional aerial
detection scenarios. Therefore, the YOLOSO model realizes an effective trade-off between
detection accuracy and inference efficiency, and the slight efficiency drop is reasonable and
deployable in practical applications.

4.5. Ablation Experiments

To clarify the specific contributions of the proposed optimization strategies, includ-
ing the C2PSASO module, the C3k2SO module, the ED-CBAM module, and the overall
structural modifications of the model, to detection performance and to further validate
the rationality of the optimized design of the YOLOSO model, a set of controlled ablation
experiments were performed based on the baseline YOLOv11n network The experimental
design focused on single optimization strategies and combined optimization strategies.
By comparing the number of parameters, GFLOPs, precision (P), recall (R), mAP50, and
mAP50–95 across different experimental schemes, the effectiveness of each optimized
module was quantified. The experimental design is shown in Table 4.
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Table 4. Ablation settings.

Experiment No. Experimental Setup

1 YOLOv11n
2 Based on YOLOv11n, only the C2PSA module is modified to C2PSASO
3 Based on YOLOv11n, only the C3k2 module is modified to C3k2SO
4 Based on YOLOv11n, only the ED-CBAM module is added
5 Only the model structure is modified
6 On the basis of Experiment 5, the C2PSA module is modified to C2PSASO
7 On the basis of Experiment 6, the C3k2 module is modified to C3k2SO
8 On the basis of Experiment 7, the ED-CBAM module is added

The experimental performance of each ablation group on the VisDrone2019-DET test
set is presented in Table 5. The five-dimensional graph generated from these results is
displayed in Figure 9.

Table 5. Quantitative metrics of ablation experiments based on ablation experiments.

Experiment No. M GFLOPs P (%) R (%) mAP50 (%) mAP50–95 (%)

1 2.59 6.5 42.7 32.0 33.6 19.3
2 2.44 6.3 43.8 34.8 34.3 19.9
3 3.82 8.7 45.4 35.3 35.0 20.1
4 2.60 6.5 44.5 33.8 34.0 19.6
5 2.67 10.4 46.9 35.8 36.4 21.7
6 2.52 10.3 47.0 35.9 36.5 21.7
7 3.56 12.6 47.1 36.6 37.1 21.8
8 3.56 12.4 47.2 36.8 37.3 22.0

 

Figure 9. Multi-dimensional performance comparison of models based on ablation experiments.

As shown in Experiment 2, replacing the original C2PSA with the proposed C2PSASO
module slightly reduces model parameters (from 2.59 M to 2.44 M) and GFLOPs
(from 6.5 to 6.3). Meanwhile, all detection metrics are improved: precision rises from
42.7% to 43.8%, recall increases from 32.0% to 34.8%, mAP50 goes up from 33.6% to 34.3%,
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and mAP50–95 climbs from 19.3% to 19.9%. This demonstrates that the C2PSASO module
can streamline model computation while enhancing feature-extraction capability.

Experiment 3 adopts the C3k2SO module individually. It brings a notable perfor-
mance gain: precision reaches 45.4%, recall 35.3%, mAP50 35.0%, and mAP50–95 20.1%.
Nevertheless, this module introduces more parameters (3.82 M) and higher computational
overhead (8.7 GFLOPs), indicating its strong feature representation ability at the cost of
moderate increased complexity.

By introducing the ED-CBAM attention module in Experiment 4, the model achieves
better overall performance than the baseline YOLOv11n. The total parameters reach 2.6 M,
which is only slightly higher than the baseline value of 2.59 M. It can be seen that using
ED-CBAM alone will not lead to excessive expansion of the model size.

Experiment 5 only optimizes the overall model structure. Compared with the baseline,
it achieves a substantial performance leap: precision, recall, mAP50, and mAP50–95 are
promoted to 46.9%, 35.8%, 36.4% and 21.7% respectively. Although GFLOPs rises to 10.4,
the parameter volume only increases slightly to 2.67 M, proving that structural optimization
is a highly efficient way to boost detection accuracy with limited extra computation.

On the basis of structural modification, Experiment 6 further integrates the C2PSASO
module. The parameters and GFLOPs decline marginally, and detection indicators see
slight growth, which verifies the good compatibility between structural redesign and the
C2PSASO module.

Experiment 7 combines structural optimization, C2PSASO, and C3k2SO modules. The
detection performance is further elevated, and the overall parameters and computation are
well controlled compared with the single use of C3k2SO. It proves that the joint application
of multiple modules can balance model complexity and detection accuracy.

Experiment 8 is the complete YOLOSO model integrating all proposed strategies. It
obtains the optimal overall performance across all groups, with precision of 47.2%, recall of
36.8%, mAP50 of 37.3% and mAP50–95 of 22.0%. The parameters and GFLOPs remain at a
reasonable level.

In summary, each designed module and structural improvement contributes positively
to detection performance. The combination of all optimization strategies achieves mutual
complementation, enabling the YOLOSO model to obtain superior detection results while
maintaining acceptable model scale and computational cost.

4.6. Experimental Summary

This experiment focuses on verifying the performance of the proposed YOLOSO
object-detection model. All experimental trials were carried out in a hardware environment
configured with a single vGPU featuring 48 GB of video memory and a 20-core virtual
Intel® Xeon® Platinum 8470Q processor. Taking the VisDrone2019-DET drone small-object
detection dataset as the benchmark, precision, recall, mAP50, mAP50–95, GFLOPs, and
the number of model parameters were selected as core evaluation metrics. The effective-
ness of the proposed model was verified through comparative experiments and ablation
experiments. The dataset comprises 10,209 static images and 261,908 video frames, with
over 2.6 million annotated bounding boxes covering 10 valid object categories. Among
these objects, 31.6% are smaller than 32 × 32 pixels, making it a typical small-object dense
dataset that can effectively simulate real UAV operating scenarios.

In comparative experiments, the proposed YOLOSO model is compared with repre-
sentative lightweight YOLO architectures including YOLOv8n, YOLOv9t, YOLOv10n, and
YOLOv11n, all of which have fewer than 3.5 M parameters, together with SuperYOLO, LS-
YOLO, the medium-to-large-scale model RT-DETR-L, and Faster-RCNN. All comparison
models are trained and inferred under consistent experimental settings. The results indi-
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cate that the YOLOSO model contains 3.56 million parameters and achieves 12.4 GFLOPs,
slightly exceeding those of other lightweight counterparts, yet presents remarkable su-
periority in detection performance. Specifically, it achieves a precision of 47.2%, a recall
of 36.8%, and mAP50 of 37.3%, corresponding to 4.5 percentage points, 4.8 percentage
points, and 3.7 percentage points increments relative to YOLOv11n, respectively. Fur-
thermore, on the DOTAv1 dataset, YOLOSO achieves 62.2% precision and 27.3% mAP50,
outperforming all compared YOLO models. In terms of real-time inference performance,
although YOLOSO obtains a relatively lower FPS of 20.53 compared with the baseline
lightweight YOLO models (27.47 for YOLOv8n, 27.6 for YOLOv9t, 35.8 for YOLOv10n, and
26.53 for YOLOv11n), due to the increased parameter scale and computational complex-
ity, the moderate FPS reduction is completely acceptable for practical aerial deployment
scenarios. The significant accuracy improvement substantially compensates for the slight
inference speed loss, and the FPS of 20.53 fully meets the real-time working requirements of
conventional UAV remote sensing and aerial monitoring tasks, achieving a well-balanced
trade-off between detection accuracy and deployment efficiency. The YOLOSO-S variant,
which comprises 14.85 million parameters and 66.5 GFLOPs, achieves the optimal results
across all metrics, with 56.1% precision, 43.0% recall, 45.3% mAP50, and 27.4% mAP50–95,
thereby realizing a favorable trade-off between lightweight characteristics and detection
accuracy. Ablation studies further verify the efficacy of each individually improved module.
Replacing C2PSA with the C2PSASO module alone reduces the number of parameters to
2.44 million and GFLOPs to 6.3, while improving mAP50 by 0.7 percentage points. Intro-
ducing the C3k2SO module alone improves mAP50 by 1.4 percentage points (to 35.0%),
and overall structural optimization improves mAP50 by 2.8 percentage points (to 36.4%).
The YOLOSO model, which combines all three improvements, achieves the best overall
performance, with mAP50 increased by 3.7 percentage points (to 37.3%) compared with the
baseline YOLOv11n.

Extensive experimental results adequately validate the rationality and superior per-
formance of the proposed YOLOSO model. Relative to mainstream detection frameworks,
YOLOSO demonstrates more favorable detection accuracy and flexible deployment poten-
tial in UAV-borne small-object detection scenarios. Benefiting from the C2PSASO module,
the C3k2SO module, the ED-CBAM module, and global structural optimization, the model
achieves a desirable balance between lightweight architectural design and high-precision in-
ference. This work can serve as an effective reference for the advancement and optimization
of lightweight object-detection models.

5. Discussion
Experimental results show that the proposed YOLOSO model outperforms YOLOv8n,

YOLOv9t, YOLOv10n, SuperYOLO, LS-YOLO, and the baseline YOLOv11n by a large mar-
gin in core metrics including precision, recall, and mAP50. In terms of real-time inference
performance, although YOLOSO obtains a relatively lower FPS of 20.53 compared with
the baseline lightweight YOLO models (27.47 for YOLOv8n, 27.6 for YOLOv9t, 35.8 for
YOLOv10n, and 26.53 for YOLOv11n), due to the increased parameter scale and computa-
tional complexity, the moderate FPS reduction is completely acceptable for practical aerial
deployment scenarios. The significant accuracy improvement substantially compensates
for the slight inference speed loss, and the FPS of 20.53 fully meets the real-time working
requirements of conventional UAV remote sensing and aerial monitoring tasks, achieving a
well-balanced trade-off between detection accuracy and deployment efficiency. The primary
causes for such performance improvement are summarized as follows. First, the newly
added P2 high-resolution feature branch reduces the minimum detection stride from 8 to 4,
effectively alleviating the loss of detailed features of small objects in the downsampling pro-
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cess. This is highly consistent with the conclusion in existing studies that “high-resolution
feature layers are crucial for improving small-object detection performance”. Furthermore,
this paper constructs a four-scale detection framework of “P2-P3-P4-P5”, which strengthens
detection consistency for multi-scale objects and compensates for the shortcoming that
a single high-resolution branch can hardly maintain satisfactory performance for large
objects. Second, the collaborative optimization of the two core modules, C3k2SO and
C2PSASO, reduces feature loss of small objects while enhancing fine-grained feature ex-
traction and attention focusing by adjusting channel compression ratios (0.25 for shallow
modules and 0.75 for deep modules in C3k2SO; 0.25 in C2PSASO), optimizing convolution
kernel configurations (combining 1 × 3 and 3 × 1 convolutions), and refining attention
head numbers (from 4 to 8 in C3k2SO; from 4 to 8 in C2PSASO). Compared with existing
methods that only optimize a single module, the proposed strategy is more systematic and
comprehensive and achieves a more favorable balance between feature extraction efficiency
and accuracy.

From the ablation experiments, the overall structural optimization contributes the
most to performance improvement, with mAP50 increased by 2.8 percentage points higher
than the baseline model (from 33.6% to 36.4%). This shows that the rationality of the
network structure is a key factor determining small-object-detection performance. The
C3k2SO module provides more significant accuracy gains, while the C2PSASO module
shows obvious advantages in lightweight design. Their synergy enables YOLOSO to strike
a balance between lightweight architecture and high precision, which is of great importance
for on-board deployment on UAVs. UAV platforms are typically constrained by their lim-
ited computing power and memory resources and cannot support excessively large models.
Although the parameter count of YOLOSO is around 3.56M, slightly higher than other
lightweight YOLO models, it achieves remarkable performance improvement. Meanwhile,
the medium-to-large version YOLOSO-S has 14.85M parameters, which is 53.6% fewer than
Rtdetr-L (32.0M), further verifying the rationality of the proposed lightweight optimization
strategy. In comparison with related works, the improvement strategies in this paper are
more targeted. Most existing studies focus on single-dimensional optimization, while this
work conducts systematic improvements from network structure and core modules, which
better matches the characteristics of UAV-based small objects: sparse feature representation,
significant scale variations, and strong background clutter. It thus alleviates the prevalent
problems of high miss detection and false detection in such scenarios.

Nevertheless, this study also has certain limitations. First, experiments are only vali-
dated on the single VisDrone2019-DET dataset and DOTAv1 datasets. Although it covers
various complex scenarios, it cannot fully represent all UAV application environments.
Detection performance under harsh conditions such as heavy rain, dense fog, and high-
altitude areas has not been verified, leaving room for improving model generalization.
Second, despite its lightweight design, YOLOSO still requires further acceleration for real-
time on-board inference, especially when processing high-resolution images. Third, the
detection performance for heavily occluded and severely truncated small objects remains
unsatisfactory, as such targets have extremely sparse feature information and are difficult to
recognize effectively. Future work will focus on optimizing feature enhancement schemes
for these extreme cases.

We also acknowledge that a more detailed analysis by object size bucket (e.g., tiny,
small, medium) and by occlusion/truncation level would further strengthen the evaluation
of our method. The VisDrone dataset provides occlusion and truncation flags that enable
such a fine-grained assessment. While this analysis is beyond the scope of the current
manuscript, we plan to conduct it in future work to provide a more comprehensive charac-
terization of YOLOSO’s performance under varying object scales and occlusion conditions.
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Based on the above discussion, the results of this study have clear theoretical value
and engineering application prospects. Theoretically, the network design combining high-
resolution branches and multi-scale fusion, as well as the collaborative optimization of
C3k2SO and C2PSASO modules, provide new ideas and methods for improving lightweight
object detectors in small-object scenarios, enriching the technical system of UAV-based
small-object detection. For engineering applications, YOLOSO achieves a favorable trade-
off between lightweight design and high precision, making it suitable for UAV remote
sensing monitoring, security patrol, smart agriculture, and other practical scenarios. For
instance, it can accurately detect small pests and diseases in farmland to support precision
agriculture and effectively identify distant pedestrians and vehicles in security tasks to
improve patrol efficiency and safety. Future research will address the limitations of this
work by further refining the model structure, expanding validation datasets, enhancing
robustness in extreme scenarios, and improving inference efficiency, so as to promote the
practical deployment of UAV-based small-object-detection technology.

6. Conclusions
Aiming at the core problems in UAV-based ground small object detection, such as

feature loss of small objects, poor scale adaptability, and strong background interference,
this paper takes YOLOv11n as the basic framework and systematically optimizes it from
three dimensions: network structure, core modules, feature enhancement. This paper
proposes a small object-enhanced detection algorithm (YOLOSO) suitable for UAV-based
detection scenarios.

The optimized network structure effectively mitigates the phenomenon of feature
loss in small target objects. By adding a P2 high-resolution feature branch with a stride of
4, a four-scale detection system of “P2-P3-P4-P5” is constructed, reducing the minimum
detection stride from 8 to 4, which significantly improves the ability to capture details of
tiny objects. Meanwhile, a bidirectional feature fusion strategy of “top-down + bottom-up”
is adopted to realize the deep interaction of multi-scale features, enhancing the network’s
adaptability to scale variations and providing sufficient feature support for small object
detection. Experiments show that structural optimization alone improves mAP50 by
2.8 percentage points as compared with the original baseline model.

The collaborative optimization of the two core modules, C3k2SO and C2PSASO, sig-
nificantly improves the refinement and effectiveness of feature extraction. The C3k2SO
module reduces small object feature loss and enhances the ability to capture local textures
of small objects by adjusting the channel compression ratio (0.25 for shallow modules
and 0.75 for deep modules), optimizing convolution kernel configuration (combination of
1 × 3 and 3 × 1 convolutions), and improving the attention mechanism (attention heads
increased from 4 to 8, channel compression ratio reduced from 0.5 to 0.25, with an addi-
tional 1 × 1 convolutional layer). The C2PSASO module avoids the gradient disappearance
of small object features and strengthens feature focusing ability by reducing the chan-
nel compression ratio (from 0.5 to 0.25), increasing the number of attention heads (from
4 to 8), and adding residual connections with a 1 × 1 convolutional branch. Ablation
experiments verify that replacing with the C2PSASO module alone improves mAP50 by
0.7 percentage points, and introducing the C3k2SO module alone improves mAP50 by
1.4 percentage points. Their synergistic effect further boosts the detection capability of the
optimized model.

Experimental results demonstrate that the YOLOSO model has 3.56M parameters, still
within the range of lightweight models. Its recall and mAP50 reach 36.8% and 37.3%, respec-
tively, which corresponds to 4.8 percentage points and 3.7 percentage points improvements
compared with the baseline YOLOv11n (32.0% recall and 33.6% mAP50), and signifi-
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cantly outperforming mainstream lightweight models such as YOLOv8n, YOLOv9t, and
YOLOv10n. In terms of real-time inference performance on aerial detection tasks, YOLOSO
achieves an FPS of 20.53 on the DOTA-v1 dataset. Although this value is slightly lower
than that of the lightweight baseline models, including YOLOv8n (27.47 FPS), YOLOv9t
(27.6 FPS), YOLOv10n (35.8 FPS), and YOLOv11n (26.53 FPS), the moderate reduction
in inference speed is entirely acceptable for practical UAV deployment. The substantial
improvement in detection accuracy effectively compensates for the minor loss of real-time
performance, and the achieved frame rate can fully meet the basic real-time operation
requirements of conventional UAV remote sensing and aerial monitoring tasks, realizing a
reasonable balance between high-precision detection and practical deployment efficiency.
The medium-to-large version YOLOSO-S reduces parameters by 53.6% compared with
Rtdetr-L (14.85M vs. 32.0M), while all performance metrics are significantly improved
(mAP50 of 45.3% vs. 37.8%), verifying the superiority of the model at different scales.
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