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ABSTRACT

Object detection in UAV aerial imagery is challenging because of small object scales, dense distributions, occlusions, and
complex backgrounds. To address these issues, we propose MSAL-YOLO, an improved YOLOv8-based detector for aerial
object detection. Specifically, a Spatial-Channel Mixed Convolution (SCMConv) module is introduced to enhance local
feature extraction by combining standard and dilated convolutions. A Multi-Branch Enhanced Coordinate Attention (MBECA)
mechanism is further designed to strengthen spatial dependency modeling and contextual interaction. In addition, a Region-
Adaptive Wise-loU (RA-WIoU) loss is developed to alleviate scale imbalance by increasing the contribution of small objects
during training. Experiments on the VisDrone2019 dataset show that MSAL-YOLO improves mAP@0.5 and mAP@0.5:0.95
from 30.0% and 17.0% to 35.7% and 20.5%, respectively, while maintaining competitive model complexity. Cross-dataset
experiments on DOTAv1 further demonstrate the robustness and generalization capability of the proposed method. These
results indicate that MSAL-YOLO provides an effective solution for UAV aerial object detection in complex scenes.

Keywords: UAV aerial imagery; small and dense object detection; YOLOvVS8-based detector; mixed convolution; coordinate
attention; Wise-IoU

Introduction

Deep learning-based object detection has achieved remarkable progress in recent years and has been widely applied in
autonomous driving, intelligent surveillance, remote sensing, and unmanned aerial vehicle (UAV) inspection systems'. Existing
detectors can generally be divided into two categories: two-stage and one-stage methods. Two-stage detectors, represented by
Faster R-CNN, achieve high detection accuracy through region proposal mechanisms but often suffer from limited inference
efficiency”. In contrast, one-stage detectors such as SSD and the YOLO family perform object classification and localization in
a unified framework, providing a better balance between accuracy and speed’~>.

Despite these advances, object detection in UAV aerial imagery remains challenging. Due to high-altitude imaging and large
observation ranges, objects often occupy only a small number of pixels and frequently appear with dense distributions, severe
occlusions, viewpoint variations, and complex backgrounds®. Recent studies have identified insufficient fine-grained feature
representation and large scale variation as major obstacles to accurate aerial object detection’. Public benchmarks such as
VisDrone and DOTA have therefore become important platforms for evaluating UAV-based detection methods®®. Furthermore,
recent remote sensing detectors have demonstrated that effective contextual modeling and enlarged receptive fields are critical
for robust detection in complex aerial scenes .

To address these challenges, extensive research has focused on improving feature representation and multi-scale perception.
Feature Pyramid Network (FPN), PANet, and EfficientDet enhance cross-scale information fusion through hierarchical feature
aggregation!!~!13. Transformer-based detectors, such as Lite-DETR, further improve feature interaction by exploiting global
contextual relationships'#. Lightweight architectures including FasterNet have also been proposed to improve computational
efficiency while maintaining competitive performance'®>. Although these approaches improve multi-scale representation,
preserving discriminative features for small objects in complex UAV scenes remains difficult.

Attention mechanisms have also been widely adopted to strengthen feature discrimination and contextual modeling.
Representative methods include CBAM, Non-local Networks, and Coordinate Attention'®!8. More recently, lightweight
and dynamic attention architectures, such as SimAM, BiFormer, and EfficientViT, have demonstrated strong capability
in modeling long-range dependencies with relatively low computational overhead'*!. In parallel, deformable operators,



including Deformable Convolution and Deformable DETR, improve spatial adaptability through dynamic sampling and
attention mechanisms?>2*. Nevertheless, existing approaches often focus on local refinement or single-scale enhancement,
which limits their effectiveness for densely distributed small objects in aerial imagery.

Efficient deployment is another important consideration for UAV applications. Lightweight networks such as GhostNet and
ShuffleNetV2 reduce computational redundancy through efficient feature generation and channel interaction mechanisms>>%%.
Recent detectors, including Gold-YOLO and DAMO-YOLO, further improve inference efficiency through optimized feature
aggregation strategies®’-28. However, lightweight designs may sacrifice feature representation capability, making it difficult to
simultaneously preserve local details and contextual information required for small-object detection.

In addition to feature extraction, bounding-box regression plays an important role in detection performance. A series of
ToU-based losses, including GloU, DIoU, SloU, Focal-EloU, a-IoU, MPDIoU, and Wise-IoU, have been proposed to improve
localization quality and optimization stability?*=°. However, most existing losses are not specifically designed for the severe
scale imbalance commonly encountered in UAV imagery, where small objects contribute limited optimization signals during
training.

Recent detectors, including YOLOvS, YOLOv7, YOLOX, DETR, and YOLOV9, have achieved strong performance across
various benchmarks?’'. Several UAV-oriented methods, such as TA-YOLO and DEA-YOLOV9, have further improved
small-object perception through enhanced attention mechanisms and multi-scale feature learning*>*3. Nevertheless, three key
challenges remain. First, lightweight detectors still struggle to capture discriminative features for small and densely distributed
objects. Second, existing attention and feature-fusion strategies often provide insufficient contextual interaction across different
scales. Third, current regression losses inadequately address scale imbalance, limiting localization performance for small
targets.

To address these issues, this study proposes MSAL-YOLO, an enhanced YOLOvS8-based framework for UAV aerial
object detection. The proposed framework incorporates three complementary components. First, a Spatial-Channel Mixed
Convolution (SCMConv) module is introduced to improve local feature extraction and contextual information integration.
Second, a Multi-Branch Enhanced Coordinate Attention (MBECA) mechanism is designed to strengthen spatial awareness and
multi-scale contextual modeling. Third, a Region-Adaptive Wise-IoU (RA-WIoU) loss is developed to increase the optimization
contribution of small objects through scale-aware dynamic weighting.

The main contributions of this paper are summarized as follows:

(1) A Spatial-Channel Mixed Convolution (SCMConv) module is proposed to improve feature representation by integrating
local spatial cues and contextual information, thereby enhancing the perception of small objects while suppressing redundant
features.

(2) A Multi-Branch Enhanced Coordinate Attention (MBECA) mechanism is designed to strengthen spatial awareness and
cross-branch feature interaction, enabling more effective contextual modeling and multi-scale representation in UAV aerial
scenes.

(3) A Region-Adaptive Wise-IoU (RA-WIoU) loss is introduced to address scale imbalance during training by adaptively
increasing the optimization contribution of small objects and improving localization performance in dense scenes.

Extensive experiments on the VisDrone2019 and DOTA datasets demonstrate that the proposed method consistently
outperforms the baseline detector. Compared with YOLOv8n, MSAL-YOLO achieves clear improvements in detection
accuracy while maintaining competitive model complexity, confirming its effectiveness for UAV-based small and dense object
detection in complex aerial environments.

Methods

MSAL-YOLO Framework

YOLOVS provides multiple model variants with different computational complexities. Among them, YOLOvS8n offers a
favorable balance between detection accuracy, computational efficiency, and real-time deployment capability, making it suitable
for UAV platforms. Therefore, YOLOVS8n is selected as the baseline architecture in this study. The overall architecture of the
baseline model is provided in Supplementary Fig. S1.

YOLOVS8n consists of a backbone, a neck, and an anchor-free detection head. The backbone employs C2f modules and a
spatial pyramid pooling-fast (SPPF) module for hierarchical feature extraction, while the PAN-FPN neck facilitates multi-scale
feature fusion. Although YOLOvVS8n achieves efficient inference, its capability to represent small and densely distributed objects
remains limited in complex UAV aerial scenes.

To address these limitations, an improved framework termed MSAL-YOLO is proposed, as illustrated in Fig. 1. Built
upon the lightweight YOLOvVS8n architecture, the proposed method enhances feature representation, attention modeling, and
localization learning while preserving real-time inference capability.
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Figure 1. Overall architecture of the proposed MSAL-YOLO framework.

Specifically, the standard convolution layers in the backbone and neck are replaced by the proposed Spatial-Channel Mixed
Convolution (SCMConv) modules to improve local feature extraction and contextual interaction. In addition, Multi-Branch
Enhanced Coordinate Attention (MBECA) modules are introduced into the backbone to strengthen spatial awareness and
suppress background interference in complex aerial environments. Furthermore, the conventional regression loss is replaced
with Region-Adaptive Wise-IoU (RA-WIoU), which introduces scale-aware dynamic weighting to improve localization
robustness and increase the optimization contribution of small objects.

The resulting framework retains the original multi-scale detection pipeline of YOLOvS8 while providing stronger feature
discrimination and more robust localization performance for UAV aerial object detection.

Spatial-Channel Mixed Convolution Module
In UAV aerial imagery, object instances often occupy only a limited number of pixels and are frequently distributed in
cluttered environments. Accurate feature extraction therefore requires both precise local structural representation and sufficient
contextual perception. Standard convolution mainly captures local spatial patterns, whereas dilated convolution enlarges the
receptive field but may weaken spatial continuity. To simultaneously preserve fine-grained details and contextual information, a
Spatial-Channel Mixed Convolution (SCMConv) module is introduced.

As illustrated in Fig. 2, the proposed SCMConv comprises a local-detail extraction branch, a contextual perception branch,
an adaptive fusion mechanism, and a lightweight channel attention module. Given an input feature map X € RE*#*W 'Jocal
spatial information is first extracted through a standard convolution operation:

Xiocal = §3x3(X) ()

where ¢3x3(+) denotes a 3 x 3 convolution followed by Batch Normalization and the SiLU activation function.
To capture broader contextual information, a depthwise separable dilated convolution branch is introduced:

Xeontext = ¢pw (¢LS:1V=2) (X)) )

where ¢x:2) (-) represents depthwise dilated convolution with dilation rate d = 2, and ¢,,,(-) denotes a pointwise 1 x 1
convolution.
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The outputs of the two branches are subsequently integrated through learnable fusion coefficients:

Xf =O- Xlocal + B . Xcomext (3)

where o and 3 are trainable parameters initialized to 1.0. During training, the network automatically adjusts their values
according to the feature responses of the two branches.

To further enhance channel-wise feature discrimination, a lightweight channel attention mechanism is employed. Global
average pooling is first used to aggregate channel-wise statistics, followed by channel compression and reconstruction:

A=c (W,-8 (W (GAP(Xy)))) C))

where GAP(+) denotes global average pooling, W; and W, denote two 1 x 1 convolution layers, and §(-) and o(-) represent
the SiLLU and Sigmoid activation functions, respectively.
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Figure 2. SCMConv module structure diagram.

The resulting attention vector is then used to recalibrate the fused feature representation:
Y=X;0A 5)

where ® denotes element-wise multiplication.

By integrating local-detail extraction, contextual perception, adaptive feature fusion, and channel-wise recalibration into a
unified framework, SCMConv enhances feature representation capability while maintaining computational efficiency, thereby
providing more informative features for UAV object detection.
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Multi-Branch Enhanced Coordinate Attention (MBECA) Mechanism
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Figure 3. Detailed architecture of the Multi-Branch Enhanced Coordinate Attention (MBECA) module.

To enhance feature representation for small and densely distributed objects in UAV aerial imagery, a Multi-Branch Enhanced
Coordinate Attention (MBECA) mechanism is proposed, as illustrated in Fig. 3. Unlike conventional coordinate attention that
mainly focuses on directional dependency modeling, MBECA establishes a unified feature interaction framework by jointly
exploiting local spatial saliency, directional contextual information, global semantic awareness, and multi-scale contextual
aggregation.

Given an input feature map X € RE*#*W 'ocal salient responses are first enhanced through spatial attention:

X, =X O (14 AA;) (6)

where A, denotes the spatial attention map and A; is a learnable coefficient.
Subsequently, horizontal and vertical contextual dependencies are jointly modeled to generate coordinate-aware feature
representations:

X =X0A,0A, @)

where Ay, and A,, represent directional attention maps along the horizontal and vertical directions, respectively.
To improve semantic consistency under complex UAV scenes, global contextual information is introduced to recalibrate
feature responses:

Xeg =X ®[14 A,0(Conv(8(Conv(GAP(X,)))))] 8)

where A, denotes the generated global semantic attention map and A, is a learnable scaling coefficient.
Meanwhile, a lightweight dilated convolution branch is employed to capture multi-scale contextual cues:

Xow = Xouwr + A48 (BN (COUVSXB,d:Z (Xe)) ) ®)

where Convs 3 g—2(-) denotes a 3 x 3 dilated convolution with dilation rate d = 2, BN(-) denotes Batch Normalization, A4
is a learnable scaling coefficient, X, denotes the input feature map, and X,,, represents the output feature after dilated contextual
enhancement.

The complementary information extracted from different feature modeling paths is then integrated through residual-guided
fusion:
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Xr=X+aX (10)
where « is a learnable balancing coefficient controlling residual information injection.
Finally, channel-adaptive refinement is applied to obtain the output representation:
Y = Xout © (1 4+ A.0 (Concat (GAP(Xout ), GMP(Xou)))) an

where GMP(-) signify the global max pooling operations, respectively, which are employed to aggregate complementary
spatial context. Concat(-) refers to the concatenation operation along the channel dimension. Additionally, A. provides final
adaptive scaling that adaptively controls the contribution of the generated channel attention map, while the term 1 establishes a
residual connection to prevent gradient degradation.

By jointly modeling local saliency, directional dependency, global semantics, and multi-scale contextual information, the
proposed MBECA generates more discriminative feature representations for small-object detection in UAV aerial imagery
while maintaining computational efficiency.

Region-Adaptive Wise-loU (RA-WIoU) Loss
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Figure 4. Overview of the Region-Adaptive Wise-IoU (RA-WIoU) Loss Framework.

Accurate localization of small objects remains a challenging problem in UAV aerial imagery. Conventional IoU-based regression
losses are inherently scale-invariant and therefore produce similar optimization responses for localization errors occurring
in objects of different sizes. However, for tiny objects, even slight localization deviations may cause substantial semantic
displacement. Consequently, small targets often receive insufficient optimization during training.

To alleviate this issue, a Region-Adaptive Wise-IoU (RA-WIoU) loss is proposed. Building upon the dynamic focusing
mechanism of Wise-IoU, the proposed method introduces an area-adaptive modulation strategy that explicitly incorporates
object scale into the regression process. As illustrated in Fig. 4, RA-WIoU enhances localization sensitivity for small objects
while maintaining stable optimization behavior for medium- and large-scale targets.

Scale-Adaptive loU Modulation
Given the predicted bounding box B, and the ground-truth box B,, their corresponding areas are denoted as A, and Ag,
respectively. To obtain a stable scale descriptor, the minimum area is adopted:

Amin =min(4,,4,) (12)
Based on the target scale, an adaptive modulation factor is defined as
. Amin
¢(A) =clip ,0.5,1.0 (13)
Aref
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where ¢ (A) represents the scale-adaptive modulation factor, A, denotes the minimum area between the predicted and
ground-truth boxes and At is the reference object area.
The conventional IoU term is then reformulated as

[0Upreq = IoU*9A) (14)

where o denotes the modulation coefficient. For small objects, a smaller value of ¢ (A) results in a stronger penalty for
low-IoU predictions, thereby enhancing localization sensitivity.

Dynamic Focusing and Loss Formulation
To improve robustness against noisy samples and outliers, RA-WIoU inherits the dynamic focusing mechanism of Wise-IoU.
Furthermore, a distance-aware weighting term is introduced to improve geometric consistency during optimization:

P2
Wractor = €XP (6‘2 : 15) (15)

where p denotes the Euclidean distance between the centers of the predicted and ground-truth boxes, and ¢ denotes the
diagonal length of the minimum enclosing box.
The final RA-WIoU loss is formulated as:

CRA-WIoU = Ofbatch - (1 —I0Ugrea) - Wractor (16)

Within the proposed MSAL-YOLO framework, the dynamic scaling mechanism is applied exclusively to the IoU-based
regression component rather than the Distribution Focal Loss (DFL). Therefore, the overall optimization objective is formulated
as:

Crotal = Sra—wiou + Cprr + Cais (17)

This decoupled design preserves stable distribution learning while enabling adaptive localization optimization for small-
object detection.

Experiments and Results

Dataset and Experiment Details

Experiments were conducted using the PyTorch framework on a workstation equipped with an NVIDIA RTX 3090 GPU (24
GB). The proposed model was trained for 100 epochs with a batch size of 16 and an input resolution of 640 x 640. The SGD
optimizer was adopted with an initial learning rate of 0.01, a momentum of 0.937, and a weight decay of 5 x 10~*. Standard
YOLOVvVS data augmentation strategies, including Mosaic, MixUp, random horizontal flipping, HSV transformation, scaling,
and translation, were applied during training. Unless otherwise specified, all reported results represent the average of three
independent runs.

The proposed method was evaluated on two public aerial-image benchmarks, namely VisDrone2019 and DOTAvI.
VisDrone2019 contains diverse UAV-captured scenes with significant variations in illumination, weather conditions, object
scales, and occlusion levels. Following the official object detection protocol, 6,471 images, 548 images, and 1,610 images
were used for training, validation, and testing, respectively. DOTAv1 is a large-scale remote-sensing dataset consisting of 15
object categories and high-resolution aerial images. For the horizontal bounding-box detection task, images were cropped into
1024 x 1024 patches using a sliding-window strategy with a 200-pixel overlap. The original training and validation sets were
merged and re-divided using an 8:2 ratio for evaluation.

Detection performance was assessed using Precision (P), Recall (R), mean Average Precision at IoU thresholds of 0.5 and
0.5:0.95 (mAP@0.5 and mAP@0.5:0.95), model parameters (Params), floating-point operations (GFLOPs), and inference
speed measured in frames per second (FPS). These metrics jointly evaluate detection accuracy, localization quality, model
complexity, and deployment efficiency.

Ablation study
To evaluate the contribution of each proposed component, ablation experiments were conducted on the YOLOv8n baseline.
SCMConv, MBECA, and RA-WIoU were progressively introduced, and the results are summarized in Table 1. All experiments
were repeated three times using different random seeds, and the reported values correspond to the average results.

As shown in Table 1, all three components contribute positively to detection performance. Among the individual modules,
SCMConv provides the largest gain, improving mAP@0.5 from 30.0% to 33.8% and mAP@0.5:0.95 from 17.0% to 19.5%.
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Table 1. Ablation study of the proposed components on VisDrone2019.

SCMConv MBECA RA-WIoU APs, APsy9s GELOPs Params (M)

0.300  0.170 8.1 3.0

v 0.338  0.195 10.9 39
v 0.309  0.177 8.8 3.1

v 0.310  0.176 8.2 3.0

v v 0.345  0.201 11.2 4.0
v v 0.355  0.204 11.0 39
v v 0.322  0.182 8.6 3.1

v v v 0.357  0.205 124 4.0

MBECA and RA-WIoU also yield consistent improvements, indicating that both feature enhancement and localization
optimization are beneficial for UAV object detection.

Combining multiple components leads to further performance gains. In particular, the integration of SCMConv and
RA-WIoU achieves mAP@0.5 of 35.5%, suggesting strong complementarity between feature representation and regression
optimization. When all components are jointly employed, the proposed model reaches the best performance, with mAP@0.5
and mAP@0.5:0.95 of 35.7% and 20.5%, respectively.

Although the introduction of additional modules slightly increases computational complexity, the final model contains only
4.0M parameters and 12.4 GFLOPs. These results demonstrate that the proposed framework achieves an effective balance
between detection accuracy and computational efficiency, making it suitable for real-time UAV deployment scenarios.

Comparative experiments

To assess the effectiveness and generalization capability of the proposed MSAL-YOLO, comparisons were conducted on the
VisDrone2019 and DOTAv1 datasets against representative one-stage, two-stage, and transformer-based detectors. All models
were trained and evaluated under identical experimental settings.

Table 2. Performance comparison on the VisDrone2019 dataset.

Method Precision Recall mAP@0.5 mAP@0.5:0.95 Params (M) GFLOPs FPS
YOLOVS5s 0.450 0.355 0.305 0.205 9.1 24.1 120
YOLOvV5m 0.478 0.366 0.345 0.216 25.0 64.0 84
YOLOVSI 0.501 0.387 0.412 0.242 53.1 134.7 52
YOLOvV7-Tiny 0.451 0.346 0.292 0.136 6.0 13.1 106
YOLOv8n 0.415 0.305 0.300 0.170 3.0 8.2 230
YOLOVvV8s 0.453 0.353 0.356 0.207 11.1 28.5 176
YOLOvV8m 0.486 0.367 0.385 0.228 25.8 78.7 116
Faster R-CNN 0.415 0.297 0.300 - 41.0 203.5 20
SSD 0.316 0.290 0.206 - 4.3 3.1 42
SS-YOLO - - 0.307 0.173 4.6 13.3 198
RT-DETR 0.469 0.366 0.391 0.223 20.0 57.3 82
Lite-DETR 0.462 0.361 0.372 0.214 15.8 42.6 96
UAV-YOLO 0.422 0.300 0.315 0.182 3.6 11.8 210
RetinaNet - - 0.162 0.085 36.2 29.7 -
ATSS* - - 0.332 0.201 28.5 37.8 -
Gold-YOLO-N 0.451 0.349 0.344 0.201 5.6 14.8 192
DAMO-YOLO-N 0.458 0.356 0.352 0.206 6.9 16.5 168
MSAL-YOLO 0.461 0.359 0.357 0.205 4.0 124 154

Table 2 summarizes the results on VisDrone2019. MSAL-YOLO achieved 35.7% mAP@0.5 and 20.5% mAP@0.5:0.95
with only 4.0M parameters and 12.4 GFLOPs. Compared with the YOLOvS8n baseline, mAP@0.5 improved from 30.0% to
35.7%, corresponding to a gain of 5.7 percentage points.

Although larger models such as YOLOvSI and YOLOv8m obtained higher detection accuracy, they required substantially
more parameters and computational cost. Compared with lightweight detectors including Gold-YOLO-N, DAMO-YOLO-N,
SS-YOLO*, and UAV-YOLO, the proposed method achieved competitive or superior detection performance while maintaining
relatively low model complexity.

Transformer-based detectors, including RT-DETR*® and Lite-DETR, demonstrated strong detection capability owing to
global feature interaction. However, these methods required considerably higher computational resources than MSAL-YOLO.
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The results indicate that the proposed architecture provides an effective trade-off between detection accuracy and computational
efficiency for UAV object detection.

To further evaluate cross-dataset generalization, experiments were conducted on the DOTAv1 dataset. As shown in Table 3,
MSAL-YOLO achieved 55.5% mAP@0.5 and 31.3% mAP@0.5:0.95, outperforming all compared baseline models. Compared
with YOLOVS8n, the proposed method improved mAP@0.5 by 1.8 percentage points and mAP@0.5:0.95 by 1.9 percentage
points.

Table 3. Performance comparison on the DOTAv1 dataset.

Method mAP@0.5 mAP@0.5:0.95
YOLOvV8n 0.537 0.294
YOLOV7-Tiny 0.458 0.271
YOLOVSs 0.545 0.302
SSD 0.412 0.256
Faster R-CNN 0.368 0.203
R-FCN 0.366 0.204
DETR 0.403 0.246
MSAL-YOLO 0.555 0.313

The consistent improvements observed on both VisDrone2019 and DOTAv1 suggest that the proposed SCMConv, MBECA,
and RA-WIoU components contribute to improved feature representation and localization performance across different aerial
imaging scenarios.

Category-wise performance analysis

Category-wise evaluation on VisDrone2019 demonstrated consistent improvements across all object categories (Supplementary
Table S1). The largest gains were obtained for Bus (+12.7%), Van (+7.6%), and Truck (+6.8%), while notable improvements
were also observed for densely distributed categories such as Pedestrian (+6.8%) and Motor (+5.6%). In addition, small-object
categories, including Bicycle, Tricycle, and Awning-tricycle, benefited from the proposed scale-aware optimization strategy.
These results indicate that MSAL-YOLO improves detection performance across a wide range of object scales and scene
complexities.

Qualitative analysis and visualization results

Confusion matrix analysis

To further assess category-level recognition performance, the confusion matrices of YOLOv8n and the proposed MSAL-YOLO
are provided in Supplementary Fig. S2. Compared with the baseline model, MSAL-YOLO exhibits stronger diagonal responses
and fewer off-diagonal errors across most categories, indicating improved classification accuracy and reduced inter-class
confusion.

The improvement is particularly evident for categories containing small and densely distributed objects, where missed
detections and category ambiguities are common. These results suggest that the proposed framework enhances feature
discriminability and localization consistency under challenging UAV imaging conditions. Overall, the confusion matrix analysis
supports the quantitative results reported in previous sections and further demonstrates the effectiveness of MSAL-YOLO for
small-object detection in aerial imagery.

The improvements are particularly evident for categories characterized by dense distributions and large scale variations,
such as pedestrian, motor, and truck. These results suggest that the proposed framework enhances feature discriminability and
improves the separation of visually similar categories under complex aerial imaging conditions.

Overall, the confusion matrix analysis demonstrates that MSAL-YOLO effectively reduces both false-positive and false-
negative predictions, resulting in more reliable object recognition performance.

Training dynamics
Fig. S3 illustrates the training and validation curves of YOLOv8n and MSAL-YOLO. The proposed model converges more
rapidly and exhibits smoother optimization behavior throughout training.

The regression, classification, and distribution focal losses decrease steadily without noticeable oscillations, while the
validation metrics closely follow the training trends. Furthermore, Precision, Recall, mAP+50, and mAP=x50 — 95 increase
consistently and reach stable values earlier than the baseline model.

These observations indicate that the proposed feature enhancement and regression optimization strategies improve both
convergence stability and generalization capability.
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Visual detection results
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Figure 5. Comparison of detection results in dense small-object scenarios.

Fig. 5 compares the detection results of YOLOv8n and MSAL-YOLO in dense small-object scenes. The proposed method
detects more targets and exhibits fewer missed detections than the baseline model. The improvement is particularly pronounced
in crowded regions containing closely spaced objects. These results suggest that the proposed feature enhancement strategy
improves feature discrimination and object separation, thereby facilitating more reliable detection in dense aerial scenarios.
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Figure 6. Comparison of detection results in complex background.

Figure 6 shows detection results in complex-background scenarios. Compared with YOLOv8n, MSAL-YOLO generates
fewer false detections and achieves more accurate localization. The performance gain is most apparent in cluttered regions with
strong background interference, suggesting improved feature discrimination and robustness in challenging UAV imagery.

Figure 7 shows representative detection results in occluded and overlapping-object scenarios. Compared with YOLOvVS8n,
MSAL-YOLO detects a larger number of partially visible objects and exhibits fewer missed detections. More accurate
localization is also observed in crowded regions, indicating improved robustness under challenging occlusion conditions.

Figure 8 presents detection results for extremely small targets. Compared with YOLOv8n, MSAL-YOLO identifies more
small objects and reduces missed detections, particularly for distant targets with limited visual information. These results
further demonstrate the effectiveness of the proposed framework for small-object detection in UAV aerial imagery.

Limitations and failure cases
Despite the overall improvements, several challenges remain under extreme conditions. As illustrated in Supplementary
Fig. S4, performance degradation may still occur when severe occlusion, extremely dense object distributions, and strong
background similarity appear simultaneously. In such cases, object boundaries become ambiguous and the visual characteristics
of neighboring targets are difficult to distinguish, leading to occasional missed detections and localization errors.

In addition, the model has not yet been extensively evaluated under severe domain-shift conditions, including variations in
sensor characteristics, imaging altitude, adverse weather, motion blur, and image compression artifacts. These factors may
affect detection robustness in real-world deployment scenarios.
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Figure 7. Detection efficacy under challenging conditions of occlusion and target overlap.
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Figure 8. Visualization of detection performance for extremely small-scale targets.

Conclusion

This study proposed MSAL-YOLO, a YOLOvS8-based framework for object detection in UAV aerial imagery. The pro-
posed method improves the detection of small, densely distributed, and partially occluded objects through enhanced feature
representation and localization optimization.

Experiments conducted on the VisDrone2019 and DOTAv1 datasets demonstrated consistent improvements in detection
performance. Comparative experiments and ablation studies verified the contribution of the proposed modules, while qualitative
analyses further demonstrated the robustness of the method under complex aerial scenes.

Future work will focus on adaptive feature learning and more robust optimization strategies to further improve generalization
across diverse imaging conditions. The proposed framework contributes to the development of UAV object detection methods
and may facilitate future research in aerial vision applications.
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