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ABSTRACT: Unmanned Aerial Vehicle (UAV) image object detection has been widely applied in many fields. However,
compared with ordinary natural images, UAV images often exhibit complex backgrounds, a predominance of small
objects, and significant variations in target scales, which cause traditional detection algorithms to easily suffer from
missed or false detections with insufficient accuracy. To address these issues, this paper proposes a novel UAV image
object detection algorithm named DMA-YOLO based on the YOLOv8s model, incorporating a deep diverse branch
block and multi-scale auxiliary feature. First, a DF-C2f module integrating a deep diverse branch block and an adaptive
fine-grained attention mechanism is designed to enhance small object detailed feature extraction. Second, a multi-scale
auxiliary feature pyramid network (MAFPN) reconstructs the neck structure to strengthen multi-scale feature fusion
and interaction, mitigating the impact of target scale variations. Finally, a dynamic detection head (DyHead) optimizes
detection performance and model robustness, and the EIoU loss replaces the original CIoU to enhance bounding box
regression accuracy and stability. Ablation experiments on the public VisDrone2019 dataset show that DMA-YOLO
achieves a 3.7% increase in mAP50 and 2.8% in mAP50:95 compared with the baseline, with negligible changes in
parameter counts and computational complexity. Comparative experiments with mainstream detection models and
UAV-specific state-of-the-art algorithms confirm DMA-YOLO’s superior detection accuracy. Further experiments on
the RSOD dataset validate its generalization capability and stability across diverse data distributions, highlighting its
applicability in complex UAV object detection scenarios.
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1 Introduction
In recent years, UAV-based image object detection has been widely applied in such fields as military

defense [1] and agricultural monitoring [2]. Traditional deep-learning based detection methods are divided
into two-stage [3,4] and single-stage [5–8] approaches. Two-stage methods typically achieve higher accuracy
but suffer from high computational cost, making them unsuitable for resource-constrained UAV platforms.
In contrast, single-stage methods offer faster inference but often lag in detection accuracy. Moreover, UAV
images are characterized by dense small objects, complex backgrounds, and large-scale variations, which
significantly challenge core processes such as feature extraction, foreground-background separation, and
multi-scale matching. This necessitates improving the accuracy of single-stage detection algorithms in
UAV scenarios.
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To address these issues, researchers have focused on optimizing key components of detection
algorithms, including the backbone network, neck network, loss function, and detection head. The opti-
mizations aim to enhance feature capture, multi-scale feature fusion, and overall detection performance.
These optimizations have achieved some success in UAV image object detection, but small object detection
remains challenging. In practical UAV scenarios, small objects have few pixels, leading to weak feature
representation and high missed and false detection rates. Complex backgrounds also easily cause target noise
confusion, which exacerbates detection errors. Most improved algorithms focus on feature fusion but do not
sufficiently consider fine-grained feature extraction for small objects. This makes the low accuracy of small
object detection a key bottleneck for the practical deployment of UAV-based detection technology.

To address these challenges, this paper proposes a UAV image object detection algorithm based on
YOLOv8, namely DMA-YOLO, which integrates a deep diverse branch block and multi-scale auxiliary
features to further enhance the model’s perception capability and detection accuracy for small-scale objects.
The main contributions of this study are summarized as follows:
(1) A DF-C2f module is designed by integrating a Deep Diverse Branch Block (DeepDBB) and an Adaptive

Fine-Grained Attention Mechanism (AFGAM), which enhances the detailed feature capture capability
of the backbone and elevates sensitivity toward small object features.

(2) A Multi-scale Auxiliary Feature Pyramid Network (MAFPN) is introduced into the neck to enable
cross-scale interaction and efficient fusion of shallow and deep features, further strengthening multi-
scale object feature representation.

(3) The Dynamic Head (DyHead) is adopted, which incorporates a multi-dimensional attention
mechanism and a dynamic feature fusion strategy, thus improving detection accuracy and robustness
under complex backgrounds.

(4) The CIoU loss is replaced with the EIoU loss, providing more reasonable gradient guidance and
enhancing bounding box regression precision.

2 Related Work
Over the past few years, studies on UAV image object detection have mainly concentrated on tackling

challenges including poor small-target detection performance, complex background disturbances, and
insufficient multi-scale feature fusion capabilities. Current studies primarily refine mainstream algorithms
like the YOLO series to enhance detection accuracy and mitigate practical issues such as false/missed
detections and inadequate feature extraction.

To address the challenge of detecting small targets in UAV images, Liu et al. [9] integrated GhostNet into
YOLOv5 to minimize detail loss during downsampling. Li et al. [10] reconstructed YOLOv8’s C2f module
with dilated residual convolutions to enhance contextual information fusion. Niu et al. [11] proposed VSTDet,
utilizing orientation-selective coding and figure-ground segregation to improve feature representation. Ren
et al. [12] proposed a scaled decoupled head that adaptively adjusts channel numbers to enhance small target
feature representation, significantly boosting detection accuracy.

However, such methods still suffer from false and missed detections in complex backgrounds. Zhang
et al. [13] improved RTMDet with a more robust feature extraction structure for better adaptability. Liang
et al. [14] integrated a multi-path attention module into YOLOv7 to expand the receptive field and handle
occlusions. Luo et al. [15] designed a reversible bidirectional feature pyramid with residual connections to
preserve details and ensure stability. Drawing inspiration from visual pathways, Wang et al. [16] proposed
RSVDet to suppress background interference via simulated ventral stream processing. Finally, Wang
et al. [17] addressed target overlap and uneven distribution in YOLOv8n using space-to-depth layers and
EMA attention.
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Although effective in specific scenarios, these methods still struggle with small-object detection under
multi-scale variations. Yi et al. [18] enhanced YOLOv8 with a dual-branch attention and an attention-guided
bidirectional feature pyramid for better multi-scale fusion. Zhou et al. [19] designed a coordinate and global
information aggregation module to integrate multi-scale contextual features, improving adaptability. Zhang
et al. [20] utilized multimodal fusion and auxiliary super-resolution learning to distinguish features across
different scales. Bakirci [21] validated the accuracy-efficiency balance of YOLOv8 in UAV traffic monitoring,
offering a reference for practical optimization.

3 Baseline Algorithm
YOLOv8 [22] is a single-stage detector proposed by Ultralytics in 2023, consisting of Backbone, Neck,

and Head. It has five scaled variants: n, s, m, l, x. Given the demand for both accuracy and real-time
performance in UAV image detection, this study adopts YOLOv8s as the baseline. Despite newer versions
such as YOLOv9 and YOLOv10, YOLOv8 is still widely used in academia and industry, especially in UAV
vision tasks, due to its good reproducibility, stability, and mature community support. Its simple and flexible
structure also facilitates targeted improvement, making YOLOv8s a representative and extensible baseline
for this work.

The backbone consists of CBS, C2f, and SPPF. CBS first extracts initial features, then C2f fuses multi-
scale feature maps to speed up extraction, and SPPF finally integrates the outputs of C2f. The neck uses
PAN-FPN [23] to aggregate backbone features efficiently. The detection head adopts a task-decoupled design
with separate losses for classification and box regression, enhancing convergence and detection performance.
However, YOLOv8 has limitations: the C2f is weak in fine-grained feature extraction, failing to capture
small object details. Besides, PAN-FPN insufficiently processes multi-scale features, easily neglecting shallow
details and limiting cross-scale feature interaction.

4 Method
As previously mentioned, to address the shortcomings of YOLOv8, this paper proposes a novel UAV

image object detection algorithm named DMA-YOLO. Fig. 1 illustrates its architecture.
The main improvements include: First, to remedy the deficiency in feature extraction of the original

C2f module, a novel DF-C2f module is designed by integrating AFGAM and DeepDBB. This enhances the
feature extraction capability without significantly increasing the parameter counts. Second, to alleviate the
limited cross-scale feature interaction inherent in PAN-FPN, the neck is replaced with the MAFPN, thereby
facilitating more comprehensive multi-level feature fusion and enhancing detection performance for small
objects. Third, the DyHead is introduced to further enhance detection accuracy. Finally, the CIoU loss is
replaced with the EIoU loss, providing a more effective bounding box regression strategy.

4.1 C2f Module Integrating Deep Diverse Branch Block and Adaptive Fine-Grained Attention
Though the C2f module handles standard-scale targets acceptably, it underperforms in UAV images

with small, heavily occluded, or cluttered background targets, failing to preserve key discriminative clues for
small objects and thus limiting detection accuracy.

To solve the above problems, this paper proposes the DF-C2f module, an improved feature extraction
unit that integrates DeepDBB [24] and AFGAM [25] (see Fig. 2). It first processes input features via parallel
DeepDBB units, which adopt a reparameterization strategy. The multi-branch structure captures rich multi-
scale features in training, and each branch can be equivalently converted to a standard convolution. During
inference, these branches are fused into a single convolution, maintaining the original structure and inference
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speed of convolutional layers. The outputs of DeepDBB units are then concatenated and fed into AFGAM,
an attention mechanism that uses global context to adaptively enhance fine-grained channel responses for
small targets. This design enables DF-C2f to significantly boost small-object detection performance without
sacrificing real-time inference.

Figure 1: DMA-YOLO architecture.

Figure 2: DF-C2f module.



Comput Mater Contin. 2026;88(1):77 5

DeepDBB adopts a multi-branch structure, integrating 1 × 1 convolution, K × K convolution, and
average pooling operations. This structure expands the receptive field via parallel paths, effectively aggregates
multi-scale spatial features, and yields richer representations to improve small-target detection. After
training, all parallel branches are merged into a single convolution, fusing multi-receptive-field features.
Batch normalization parameters are absorbed into adjacent convolutional layers. During inference, the
model maintains a standard convolutional structure while preserving the powerful feature representation
learned from multi-branch training.

Fig. 3 illustrates the pipeline of the AFGAM block, which improves performance by capturing global-
local interactive features and optimizing feature weight allocation. First, the input feature map FP undergoes
a global average pooling (GAP) operation to extract global contextual information, yielding channel-wise
feature U. Second, a diagonal matrix and a band matrix are used to capture global dependency Ugc and
local dependency Ulc, respectively, followed by cross-correlation to model their interaction. Finally, a
learnable factor θ dynamically fuses global and local weights, which are applied to FP to obtain the refined
feature map FP*, enhancing sensitivity to small objects. Here, θ is initialized to −0.8. Following sigmoid
mapping, asymmetric initial weights are assigned to the two cross-attention branches, guiding early-stage
feature selection. These parameters are then adaptively updated via backpropagation for optimal cross-scale
attention allocation, as formulated in Eqs. (1)–(5).

U = 1
H ×W
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∑
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here, bi and di represent the weight matrices for local and global dependency ranges, respectively; c denotes
the number of channels, M is the cross-correlation matrix, and σ represents the sigmoid activation function.

Figure 3: AFGAM block.
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4.2 Multi-Scale Auxiliary Feature Pyramid Network
The YOLOv8 neck fuses multi-scale features from the backbone to boost semantic representation and

detection performance. However, its PAN-FPN structure relies on deep feature-dominated fusion, leading to
insufficient shallow feature retention and limited cross-scale interaction. Consequently, fine-grained details
are seriously lost in UAV small object detection, degrading detection accuracy.

To address this issue, this paper introduces an improved MAFPN [26] to replace the original PAN-FPN.
MAFPN uses two key components, Superficial Assisted Fusion (SAF) and Advanced Assisted Fusion (AAF),
to achieve more efficient feature fusion. Through the collaboration of SAF and AAF, MAFPN integrates
feature information from different layers more comprehensively and significantly improves the ability to
detect small objects. The structures of SAF and AAF are shown in Fig. 4.

(a) (b)

Figure 4: (a) SAF structure; (b) AAF structure.

To fully utilize the multi-scale features output by the backbone, this study classifies them into shallow
and deep features based on their hierarchical depth: shallow features possess high spatial resolution and
are mainly responsible for carrying target localization information, while deep features are rich in semantic
information but have relatively low spatial resolution.

SAF enhances shallow feature representation via cross-hierarchical interaction. It fuses three inputs:
early high-resolution features, current level features, and semantically enhanced features from deeper layers.
All features are spatially aligned by upsampling or downsampling, unified in channel dimension with 1 × 1
convolution, and concatenated along channels. This strategy allows shallow features to retain high spatial
precision while integrating rich semantic information, thus improving small target localization.

AAF further aggregates multi-scale enhanced features for consistent cross-hierarchical representation.
It takes four inputs: current level features, high-resolution shallow features, low-resolution deep features,
and enhanced features from shallower layers. After spatial alignment and channel normalization via 1 × 1
convolution, these features are concatenated to produce the final fused feature map. This mechanism
promotes multi-scale feature collaboration and evidently improves detection for multi-scale targets.

4.3 Dynamic Detection Head
YOLOv8 employs an anchor-free decoupled head for multi-scale detection across resolutions, which

performs well on ordinary objects. However, in UAV images with numerous small objects and complex
backgrounds, the standard head struggles to capture key features, leading to frequent missed and false
detections. Though it handles multi-resolution feature maps for objects of varying sizes, it fails to balance
detection accuracy between small and large objects. For small targets, continuous pooling degrades critical
information in low-resolution feature maps, severely reducing detection precision.
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To address these issues, we adopt the dynamic detection head DyHead [27]. Using a dynamic attention,
DyHead adaptively adjusts the feature tensor F ∈ RL×S×C across scale, space, and channel, then reweights it
to strengthen small target feature representation. It consists of three core modules: scale-aware attention,
spatial-aware attention, and task-aware attention.

By stacking attention mechanisms, DyHead unifies features across scales, spatial domains, and tasks
for dynamic selection and optimization. It preserves fine-grained details while integrating global context,
significantly enhancing small-target detection, as formalized in Eq. (6).

W (F) = πC (πS (πL (F) ⋅ F) ⋅ F) ⋅ F (6)

here, W(F) represents the final dynamic weight, πL(F) denotes the scale-aware attention module function,
which achieves scale feature fusion by adaptively assigning weights to multi-scale feature maps. πS(F)
denotes the spatial-aware attention module function, which optimizes the weights of the feature tensor
in the spatial domain based on spatial position information. πC(F) denotes the task-aware attention
module function, which implements task-oriented reweighting of channel features for the classification and
regression branches of the detection task.

4.4 EIoU Loss
YOLOv8 uses CIoU for bounding box regression loss. Although CIoU outperforms IoU, it still has

limitations. It cannot flexibly assign optimization weights between difficult targets and easy ones, leading to
poor regression for small or occluded objects. Besides, the aspect ratio penalty in CIoU is not fully decoupled,
causing unstable regression and reduced accuracy in some scenarios.

EIoU [28] further decouples the aspect ratio factors of predicted and ground truth boxes based on
CIoU. It separately computes their width and height differences to increase overlap and make regression
more efficient. It also introduces a center distance penalty to reduce alignment errors, allowing predicted
boxes to converge more accurately to ground truth positions. This effectively solves the mismatch between
boxes. Therefore, this paper adopts EIoU as the model loss function. Its calculation is shown in Eq. (7).

EIoU = 1 − IoU + ρ2 (b, bg t) /c2 + (wp −wt)
2 /w2

t + (hp − ht)
2 /h2

t (7)

here, IoU refers to the Intersection over Union between the predicted bounding box and the ground truth
bounding box. ρ2(b, bgt)/c2 is the center distance constraint term, representing the normalized Euclidean
distance between the centers of the two boxes. (wp −wt)2/w2

t is the width constraint term, indicating the width
difference between the predicted and ground truth bounding boxes; (hp − ht)2/h2

t is the height constraint
term, denoting the height difference between them.

5 Experimental Results and Analysis

5.1 Experimental Environment
All experiments in this study are conducted on the same computing device. The device runs on the

Windows 10 operating system, configured with an Intel Core i7-13700KF CPU, 32 GB of system memory,
and an NVIDIA GeForce RTX 4080 graphics card with 16 GB of VRAM. Python 3.8 is adopted as the
programming language, and the deep learning framework employed is PyTorch 2.3.0, integrated with CUDA
12.1 to enable parallel computing acceleration.

For model training, the total number of epochs is set to 300, 4 threads are allocated for data loading,
input images are uniformly resized to 640 × 640 pixels, the batch size is configured as 8, and a fixed random
seed of 0 is used throughout the process; SGD is selected as the optimizer with a momentum weight of
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0.937, a linear learning rate scheduling strategy is implemented with an initial learning rate of 0.01 and a final
learning rate decaying to 0.0005, and all models are trained from scratch without pre-trained weights; an early
stopping mechanism is integrated with a patience threshold of 50, where training is automatically terminated
if no significant improvement in detection accuracy is observed within 50 consecutive epochs, and a data
augmentation strategy is adopted during training, including Mosaic augmentation, random flipping, random
rotation (±20○), color jittering, and random cropping.

5.2 Datasets
Two public datasets, VisDrone2019 [29] and RSOD [30], are employed for experimental validation in

this study. VisDrone2019, curated by the AISKYEYE team of Tianjin University, was acquired via diverse
UAV platforms under varying scenarios, weather patterns, and lighting conditions. It covers ten object classes
(Pedestrian, People, Bicycle, Car, Van, Truck, Tricycle, Awning-Tricycle, Bus, and Motorcycle) with a total
of 8629 images, split into a training set (6741 images), a validation set (548 images), and a test set (1610
images). Owing to its scenario diversity and comprehensive object coverage, it serves as a critical benchmark
for assessing model performance in UAV-based object detection. RSOD is a dedicated dataset for object
detection tasks, encompassing 976 images in total. These images are categorized into four classes: 446 images
containing 4993 aircraft, 165 images with 1586 oil tanks, 176 images featuring 180 overpasses, and 189 images
including 191 playgrounds. For this study, the RSOD dataset is randomly divided into training, validation,
and test subsets following a 7:1:2 ratio, resulting in 683, 98, and 195 images respectively.

5.3 Evaluation Metrics
In this study, we utilized precision (P), recall (R), mean average precision (mAP), parameters (Params),

floating-point operations (FLOPs), and frames per second (FPS) as the performance metrics. Params reflects
the model size in terms of weight count, FLOPs measure the computational complexity of the algorithm, and
FPS represents the number of images processed by the model per second, which characterizes its real-time
inference speed. To facilitate intuitive comparison and reading, the evaluation metric names and the optimal
results in each experiment are highlighted in bold in Tables 1–6. The formulas are shown in Eqs. (8)–(10):

P = TP
TP + FP

(8)

R = TP
TP + FN

(9)

mAP = 1
N ∑

n
i=1 APi (10)

5.4 Ablation Analysis on Improved C2f Modules
To clarify the individual contribution of each proposed component, we performed ablation experiments

by separately incorporating DeepDBB and AFGAM into the original C2f module. As presented in Table 1,
the DeepDBB module brings a 1.3% improvement in mAP50, and the AFGAM module yields a 0.8% perfor-
mance gain. Moreover, the DF-C2f module, which integrates both structures simultaneously, achieves a 2.1%
increase in mAP50. These results confirm that both designs effectively enhance feature representation and
detection performance, and their complementary combination in DF-C2f further validates the effectiveness
of our proposed improvement.
5.5 Ablation Experiments

To validate the effectiveness of each improvement, ablation experiments are conducted on the Vis-
Drone2019 test set, with results shown in Table 2.
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Table 1: Ablation study of different improved C2f modules on model performance.

Models P% R% mAP50% mAP50:95%
C2f 44.8 33.7 31.8 18.1

DeepDBB-C2f 45.7 34.6 33.1 19.2
AFGAM-C2f 45.2 34.8 32.6 19.0

DF-C2f 46.2 35.6 33.9 19.7

Table 2: Ablation experiments on the VisDrone2019 test set.

Models P% R% mAP50% mAP50:95% FLOPs Params FPS
A YOLOv8s 44.8 33.7 31.8 18.1 28.5G 11.1M 216

B YOLOv8s + DF-C2f 46.2 35.6 33.9 19.7 28.5G 11.4M 209

C YOLOv8s +MAFPN 46.5 35.1 33.5 19.5 31.2G 11.2M 178

D YOLOv8s + DyHead 45.4 34.1 32.6 18.8 28.1G 10.8M 215

E YOLOv8s + EIoU 44.3 33.6 32.3 18.6 28.5G 11.1M 224

F YOLOv8s + DF-C2f +MAFPN 46.6 35.9 34.6 20.2 31.2G 11.5M 188

G YOLOv8s + DF-C2f +MAFPN
+ DyHead 47.1 36.2 35.1 20.6 31.2G 11.6M 195

O YOLOv8s + DF-C2f +MAFPN
+ DyHead + EIoU 47.7 36.8 35.5 20.9 31.2G 11.6M 204

In Table 2, A denotes the baseline YOLOv8s; B, C, D, and E represent improved variants incorporating
DF-C2f, MAFPN, DyHead, and EIoU, respectively, based on the baseline; F integrates both the DF-C2f and
the MAFPN; G combines the three modules (DF-C2f, MAFPN, and DyHead); and O represents the final
proposed model, i.e., the complete DMA-YOLO, obtained by further introducing the EIoU loss function
upon G.

As shown in Table 2, B achieves improvements of 2.1% in mAP50 and 1.6% in mAP50:95 over the
baseline. This demonstrates that the DF-C2f module, which integrates a diverse branch block and adaptive
fine-grained attention, can more effectively extract small-target information. Benefiting from its reparam-
eterized architecture, both computational cost and parameter count remain nearly unchanged. C achieves
gains of 1.7% and 1.4%, confirming that MAFPN enhances detection accuracy through effective multi-scale
feature fusion. Although it incurs slightly higher computation, its parameter count stays almost constant,
still meeting real-time inference requirements on UAV platforms. D improves the two metrics by 0.8% and
0.7%, respectively, with slight reductions in both computational cost and parameter count compared to the
baseline, suggesting that the introduced dynamic detection head (DyHead) enhances detection performance
more efficiently. E incorporates the EIoU loss and achieves a 0.5% improvement in both metrics while
maintaining the same parameter count and computational cost. F yields improvements of 2.8% and 2.1%,
and G further increases these gains to 3.3% and 2.5%, fully validating the effectiveness of the proposed
module integration strategy. Finally, the fully optimized Model O achieves the best performance with a 3.7%
gain in mAP50 and a 2.8% gain in mAP50:95, comprehensively demonstrating the efficacy and synergistic
optimization capability of the proposed improvements. Furthermore, to evaluate the performance of the
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improved model across different object categories, this study conducted a class-wise comparative experiment
between DMA-YOLO and the baseline YOLOv8s on the VisDrone2019 and RSOD datasets. The results are
shown in Tables 3 and 4.

Table 3: The mAP50 and mAP50:95 values for each category on the VisDrone2019 dataset.

Categories
Validation Test

mAP50% mAP50:95% mAP50% mAP50:95%

YOLOv8s DMA-YOLO YOLOv8s DMA-YOLO YOLOv8s DMA-YOLO YOLOv8s DMA-YOLO
Pedestrian 43.5 46.3 19.9 21.7 27.5 28.8 11.1 11.7

People 33.2 36.0 12.6 14.1 14.6 16.4 5.1 5.77
Bicycle 13.6 13.7 5.86 6.15 9.2 10.5 3.6 4.35

Car 80.0 81.4 57.3 59.1 71.6 74.2 45.0 47.0
Van 44.8 48.8 30.6 34.6 36.4 42.9 23.4 28.2

Truck 36.5 40.0 23.7 27.8 36.5 43.6 23.0 28.4
Tricycle 29.0 31.1 16.6 18.3 18.3 21.1 9.4 12.0

Awn-Tricy 15.6 19.2 10.1 12.0 17.8 21.3 9.8 12.2
Bus 57.0 61.5 41.7 45.4 56.2 59.4 38.5 42.2

Motor 44.8 47.4 20.0 22.0 29.5 31.7 12.0 13.1
All 39.8 42.9 23.9 26.1 31.8 35.5 18.1 20.9

Table 4: The mAP50 and mAP50:95 values for each category on the RSOD dataset.

Categories
Validation Test

mAP50% mAP50:95% mAP50% mAP50:95%

YOLOv8s DMA-YOLO YOLOv8s DMA-YOLO YOLOv8s DMA-YOLO YOLOv8s DMA-YOLO
Aircraft 97.3 97.4 65.6 67.0 98.3 98.4 63.6 64.3
Oiltanks 97.1 97.3 78.9 79.7 98.5 99.1 79.1 79.7
Overpass 85.7 92.2 39.7 44.1 90.5 94.2 27.0 34.1

Playground 99.5 99.5 83.0 88.8 72.2 79.6 49.3 54.6
All 94.9 97.2 67.3 69.8 89.9 93.1 54.8 57.9

On the VisDrone2019 dataset, the mAP50 metrics for the Van, Truck, Awning-Tricycle, and Bus
categories increased by 4.0%, 3.5%, 3.6%, and 4.5% on the validation set, and by 6.5%, 7.1%, 3.5%, and 3.2%
on the test set. For the mAP50:95 metric, these three categories achieve steady improvements of 4.0%, 4.1%,
and 3.7% on the validation set, and 4.8%, 5.4%, and 3.7% on the test set. Other categories also exhibit varying
degrees of enhancement, strongly validating the effectiveness of the proposed strategy. In contrast, Bicycle
and Tricycle show relatively minor gains, mainly due to their low sample proportion, small size, and similar
appearance in the dataset, which increases detection difficulty.

On the RSOD dataset, the mAP50 for the Overpass category increased by 6.5% on the validation set,
while Overpass and Playground increased by 3.7% and 7.4% on the test set, respectively. Regarding the
mAP50:95 metric, these two categories increased by 4.4% and 5.8% on the validation set, and by 7.1% and
5.3% on the test set, showing substantial improvements. The Aircraft and Oiltank categories also exhibited
improvements to varying degrees.

These results demonstrate that the improved model effectively enhances detection accuracy for
small and scale-varying objects, significantly boosting overall performance and validating its effectiveness
and generalization.
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5.6 Comparative Experiments with Multiple SOTA Detection Algorithms
To further validate the superiority of the improved model, several current state-of-the-art object

detection algorithms are selected for comparative experiments on the test set. All models are retrained and
tested under identical experimental settings throughout the study. The experimental results are presented
in Tables 5 and 6.

Table 5: Comparative experiments with state-of-the-art algorithms on the VisDrone2019 dataset.

Models P% R% mAP50% mAP50:95% FLOPs Params FPS
SSD / / 19.3 13.6 85.4G 25.1M 54

Faster-RCNN / / 29.6 17.8 207.5G 41.4M 43
YOLOv5s 42.5 31.5 30.4 16.9 16.1G 7.2M 92
YOLOv6s 43.2 33.2 31.3 17.5 44.2G 16.5M 74

YOLOv7-tiny 44.6 31.9 27.8 14.2 13.2G 6.2M 193
YOLOv8s 44.8 33.7 31.8 18.1 28.5G 11.1M 216

YOLOv9s [31] 44.5 33.9 32.2 18.2 26.5G 7.3M 202
YOLOv10s [32] 44.6 34.6 32.4 18.4 21.4G 7.4M 231
YOLOv11s [33] 43.2 33.8 31.7 18.3 21.3G 9.4M 225

SDA-YOLO [34] 45.9 35.1 33.4 19.1 30.3G 10.9M 227
SD-YOLO [35] 46.9 36.2 33.6 19.5 37.7G 4.3M 192

YOLO-GE-s [36] 49.2 38.4 36.8 22.3 50.7G 13.0M 102
DMA-YOLO 47.7 36.8 35.5 20.9 31.2G 11.6M 204

Table 6: Comparative experiments with state-of-the-art algorithms on the RSOD dataset.

Models P% R% mAP50% mAP50:95%
SSD / / 78.8 41.9

Faster-RCNN / / 84.5 46.3
YOLOv5s 85.2 83.8 87.6 51.2
YOLOv6s 86.5 84.2 88.3 51.8

YOLOv7-tiny 85.1 81.2 85.7 49.5
YOLOv8s 87.1 85.4 89.6 54.8
YOLOv9s 89.3 84.7 90.0 55.3
YOLOv10s 90.2 85.1 90.5 55.5
YOLOv11s 89.4 85.3 89.8 55.4

SDA-YOLO 90.4 85.6 91.4 56.0
SD-YOLO 90.8 86.0 91.7 56.8

YOLO-GE-s 95.1 88.7 94.5 59.2
DMA-YOLO 93.2 87.5 93.1 57.9

Experimental results show that traditional detectors such as SSD and Faster R-CNN have low detection
efficiency, high complexity, heavy computation, and large parameters, making them unsuitable for UAV
platforms with real-time and hardware constraints. Among the YOLO series, YOLOv5 balances accuracy
and model size but performs moderately. YOLOv6 improves accuracy at the cost of higher computation
and parameters. YOLOv7 is lighter with less computation but loses accuracy. In comparison, newer
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YOLO series models (YOLOv8, YOLOv9, YOLOv10, and YOLOv11) enhance detection performance while
maintaining lightweight designs, though they still exhibit insufficient capability in detecting small objects in
UAV scenarios.

To comprehensively evaluate the performance of DMA-YOLO, we compare it with recent advanced
variants—SDA-YOLO, SD-YOLO, and YOLO-GE-s. SDA-YOLO balances accuracy and efficiency but offers
no clear edge in either. SD-YOLO cuts Params to 4.3M yet raises FLOPs with minor accuracy gains. YOLO-
GE-s boosts accuracy significantly but at the cost of 77.9% more FLOPs and 14.6% more Params. Its excessive
overhead limits FPS to 102, failing to meet real-time needs for resource-constrained UAV platforms. In
contrast, DMA-YOLO delivers competitive accuracy gains while maintaining 204 FPS, enabling efficient
real-time inference for resource-constrained UAV small-object detection.

The proposed DMA-YOLO model demonstrates superior performance over mainstream detectors in
comprehensive experiments. It attains excellent results in P, R, mAP50, and mAP50:95, with only 2.7G FLOPs
and 0.5M parameters added over the baseline. Its 204 FPS inference speed satisfies the real-time demands
of UAV platforms. With a favorable trade-off between accuracy and efficiency, DMA-YOLO is well-suited
for edge deployment. Overall, it effectively improves small-object detection in UAV images while ensuring
real-time inference, yielding high practical value and application potential.

5.7 Visualization of Object Detection Results
Several representative scenarios with predominant small objects, complex backgrounds, and significant

scale variations of objects were selected from the VisDrone2019 dataset for visual comparison of detection
results between DMA-YOLO and the baseline. To clearly demonstrate the detection advantages of DMA-
YOLO, prominent red boxes are used to mark typical missed detections and false alarms of the baseline
model in Fig. 5. The results are shown in Fig. 5.

As can be seen from Fig. 5, in small object detection scenarios, YOLOv8s exhibits obvious missed
detections and false alarms, while the improved DMA-YOLO demonstrates superior detection performance
in such scenarios, effectively alleviating the aforementioned issues. In complex nighttime low-light scenes,
DMA-YOLO can identify more low-visibility targets at greater distances, indicating its stronger target
perception capability. Finally, in dense multi-scale scenes, the baseline misidentified a truck as a bus and
missed many small objects, whereas DMA-YOLO accurately identified corresponding targets and detected
more objects. In summary, compared to the baseline, DMA-YOLO exhibits superior detection performance
and adaptability in various complex UAV-based object detection tasks.

Fig. 6 visualizes the detection results of the baseline and DMA-YOLO algorithms on the RSOD dataset,
where the proposed method again achieves more reliable and accurate object detection compared to
the baseline.
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Figure 5: Visualization of object detection results on the VisDrone2019 dataset under three challenging conditions.
Red boxes denote typical missed detections and false alarms of the baseline: improved small-object detection with fewer
misses and false positives (top); enhanced detection of distant, low-visibility targets in nighttime scenes (middle); and
more accurate classification with better small-object recovery in dense multi-scale environments (bottom).

Figure 6: Visualization of object detection results on the RSOD dataset.

6 Conclusions
To address low small target detection precision, frequent missed detection, and high false alarm rates

in UAV image analysis, this study proposes the lightweight DMA-YOLO architecture optimized based on
YOLOv8s. This enhanced framework integrates four core improvement modules: the DF-C2f multi-branch
structure for strengthened feature extraction; MAFPN for improved multi-scale feature fusion efficiency;
a dynamic attention head for adaptive feature representation; and the EIoU loss function for optimized
bounding box regression, enhancing target localization precision and overall model accuracy.
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Despite these improvements, the current model still has room for further optimization on ultra-
low-power edge devices, especially in real-world deployment with increasingly constrained computational
resources. Future work will focus on developing more efficient convolutional modules to reduce compu-
tational cost and designing a lightweight neck network tailored for resource-constrained environments to
lower model complexity, aiming to significantly improve the proposed method’s engineering applicability in
UAV systems with limited computing resources.
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