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Abstract: 

Small objects in unmanned aerial vehicle (UAV) imagery contain few pixels and exhibit large 

scale variation, dense distributions, and complex backgrounds, which weaken fine-grained 

representation and cross-scale fusion. This paper proposes DDS-YOLO. A Detail Enhancement 

Strategy (DES) integrates local structure, contextual, and high-frequency residual branches with 

channel-wise weighting and spatial selection to enhance boundaries and textures while 

suppressing background responses. A Dynamic Scale Adaptation Strategy (DSAS) aligns adjacent 

features and performs channel-wise scale weighting with local correction to adapt fusion to the 

current object distribution. A Small Object Optimization Strategy (SOOS) adds a lightweight P2 

branch for high-resolution prediction, and Wise Intersection over Union version 3 (WIoU v3) 

improves bounding-box regression. On VisDrone2019, DDS-YOLO achieves 56.0% Precision, 

44.5% Recall, 46.3% mean average precision at 0.5 (mAP0.5), and 28.6% mAP0.95, improving 

YOLOv11n by 9.8, 9.4, 8.9, and 6.7 percentage points, respectively. With 8.7 M parameters, 23.8 

G floating-point operations (FLOPs), and 161 frames per second (FPS), the model provides a 

favorable accuracy–efficiency trade-off for UAV small object detection. 

Keywords: UAV imagery; small object detection;detail enhancement; dynamic scale adaptation; 

multi-scale feature fusion 

1 Introduction 

1.1 Research Background 

UAVs are widely used in environmental monitoring, traffic management, disaster response, 

and intelligent inspection because of their flexible deployment and broad-area sensing capabilities 

[1,2]. Object detection provides essential information for localization, scene understanding, and 

autonomous decision-making in these applications. 

Deep learning has become the dominant approach to aerial object detection [3]. The YOLO 

family is particularly attractive for UAV platforms because it balances accuracy and inference 

speed; however, limited onboard computation and energy require strict control of model 

complexity [4,5]. 

Accurate small-object perception remains difficult because scale variation, background 

interference, and feature degradation jointly reduce detection stability. 

1.2 Research Progress 

UAV imagery is acquired from long distances and variable viewpoints, so small objects 

contain few pixels and weak texture, boundary, and structural cues. These cues are easily degraded 

during feature extraction, limiting discriminative representation [6,7]. 

Changes in flight altitude, viewing angle, and object distance create substantial intra-class 

scale variation, making consistent detection across scales difficult [8,9]. 



Complex backgrounds, occlusion, and dense distributions further reduce 

foreground–background contrast and increase false and missed detections [10,11]. 

Thus, UAV small object detection requires simultaneous preservation of fine details, 

adaptation to scale variation, and suppression of background interference. 

Feature-enhancement methods use attention or dedicated modules to strengthen informative 

regions [12–14], but their gains are constrained when source details are scarce, and complex 

structures increase deployment cost. 

Multi-scale methods improve cross-level interaction through architectures such as YOLO-MS, 

BiFPN-YOLO, and YOLO-Pika [15–18]. Most, however, use fixed fusion paths that cannot adapt 

feature contributions to changing object distributions. 

Spatial/channel attention, multimodal fusion, and scene-adaptive learning improve robustness 

under occlusion and environmental variation [19–25]. Nevertheless, many methods address only 

one challenge and do not jointly preserve details, adapt scales, and maintain efficiency. 

1.3 Research Content and Contributions 

To address these limitations, this study proposes DDS-YOLO, which improves fine-grained 

representation, cross-scale interaction, and extremely small-object prediction within the YOLO 

framework. 

The main contributions of this study are summarized as follows: 

(1) DES strengthens local structures, context, and high-frequency cues to preserve 

small-object boundaries and textures. 

(2) DSAS dynamically adjusts the contributions of adjacent feature levels to accommodate 

changing object-scale distributions. 

(3) SOOS introduces a lightweight P2 branch to improve high-resolution prediction of 

extremely small objects. 

2 Related Work 

2.1 YOLO-Based Detection Methods 

YOLO unifies classification and bounding-box regression in a one-stage framework and is 

widely used for real-time detection [26–28]. Subsequent variants have improved accuracy, speed, 

and lightweight deployment. 

Backbone and head redesign [29], lightweight architectures [30], and multi-scale fusion, 

dynamic assignment, and decoupled heads [31] have extended YOLO to complex scenes. However, 

standard YOLO models still underuse fine details and adapt poorly to the severe scale variation of 

UAV imagery. 

2.2 Small Object Detection Methods 

Small objects contain limited pixels, and their textures and boundaries are easily lost in deep 

networks, degrading classification and localization [32]. 

Existing methods therefore employ high-resolution branches and contextual or detail 

enhancement [33], improved assignment and losses for dense objects [34], and 

aerial-image-specific architectures [35]. These strategies are effective but rarely address detail loss, 

scale variation, and background interference within one compact framework. 

2.3 Feature Fusion and Adaptive Detection Methods 

Feature pyramid networks fuse hierarchical features for multi-scale detection, but fixed 

propagation can cause inefficient information transfer [36]. Improved fusion paths and cross-level 

interaction partly alleviate this problem [37]. 



Attention, Transformer, dynamic convolution, and dynamic weighting further support 

informative-region selection and adaptive representation [38,39]. Their additional complexity and 

limited local scale sensitivity motivate a lighter, input-dependent fusion mechanism. 

3 Method 

3.1 Overall Architecture of DDS-YOLO 

YOLOv11n is selected as the baseline because of its favorable real-time performance. 

DDS-YOLO introduces targeted modifications to feature extraction, multi-scale fusion, and 

prediction to address detail loss, scale variation, and weak extremely small-object responses. 

 
Figure 1. Overall architecture of DDS-YOLO 

As shown in Figure 1, DES enhances shallow local details, DSAS dynamically fuses adjacent 

scales, and SOOS adds a lightweight high-resolution P2 prediction branch. The three strategies act 

sequentially from feature extraction to fusion and detection. 

3.2 DES 

3.2.1 Design Motivation 

 
Figure 2. Structure of DES 



Small UAV objects are represented mainly by boundaries, contours, and local textures, which 

are progressively weakened by convolution and downsampling. 

Simply propagating more shallow features also transfers background noise. DES is therefore 

placed at the shallow-to-intermediate transition to preserve a stable branch while enhancing local, 

contextual, and high-frequency information. 

As shown in Figure 2, the enhanced responses are adaptively weighted and spatially selected 

so that object-related details are strengthened without indiscriminately amplifying the background. 

3.2.2 Module Structure 

Let the input feature be defined as follows:  𝑋 ∈ ܴ஼×ு×ௐ                              (1) 

C, H, and W denote channels, height, and width. Conv and BN denote convolution and batch 

normalization, respectively, while φ denotes the sigmoid linear unit (SiLU) activation function. 
 𝑋′ =  (2)                        (((𝑋)1×1ݒ݊݋ܥ)ܰܤ)߶

The transformed feature 𝑋′is then divided along the channel dimension into a retained feature and 

an enhanced feature: [𝑋௥ , 𝑋௘] =  (3)          (′𝑋)ݐ݈݅݌ܵ

Split(·) partitions X′ into the retained feature Xr and enhanced feature Xe. 

Xr preserves the original information flow, whereas Xe is processed by local, contextual, and 

high-frequency branches: ܨ௟ =  (4)                    (𝑋௘)3×3ݒ݊݋ܥܹܦ

Fl is extracted by a 3×3 depthwise convolution to model local boundaries and textures. ܨ௖ =  3ௗ=2(𝑋௘)              (5)×3ݒ݊݋ܥܹܦ

Fc uses a dilation rate of 2 to enlarge the receptive field and incorporate context. 

The high-frequency branch subtracts a 3×3 average-pooled response from Xe and then 

extracts structural residuals: 𝑋ℎ = 𝑋௘ −  (6)                 (𝑋௘)3×3݈݋݋ܲ݃ݒܣ

Xh is the high-frequency residual obtained after local smoothing. ܨℎ =  (7)                          (𝑋ℎ)3×3ݒ݊݋ܥܹܦ

Fh retains rapidly varying components such as boundaries, corners, and textures. 

3.2.3 Adaptive Detail Selection and Feature Fusion 

Because scene content varies, DES generates input-dependent weights for the three branches. 

Their concatenated output is globally pooled to form descriptor z: ݖ = ௟ܨ])ܲܣܩ , ,௖ܨ  ℎ])           (8)ܨ

GAP and [·] denote global average pooling and channel concatenation. Two mappings 

followed by Softmax produce channel-wise weights αl, αc, and αh: [ߙ௟ , ௖ߙ , [ℎߙ = )ݔܽ݉ݐ݂݋ܵ )ߜ2ܹ  (9)                   ((ݖ1ܹ

W1 and W2 are learnable mappings and δ is the activation function; Softmax enforces Eq. 

ℎߙ+௖ߙ+௟ߙ .(10) = 1      (10) 

The weighted enhanced feature is expressed as: ܨௗ = ௟ܨ⊙௟ߙ +  .ℎ                   (11) ⊙ denotes element-wise multiplication, and Fd is the weighted detail featureܨ⊙ℎߙ+௖ܨ⊙௖ߙ

The weights emphasize local, contextual, or high-frequency cues according to the input. A 

spatial map is then generated to suppress irrelevant regions: 



௦ܣ =  (12)                ([(ௗܨ)௖ݔܽܯ,(ௗܨ)௖݃ݒܣ]7×7ݒ݊݋ܥ)ߪ

As is obtained from channel-wise average/max pooling, a 7×7 convolution, and Sigmoid. 

The detail feature after spatial selection is expressed as: ܨௗ̃ =  ௗ         (13)ܨ⊙௦ܣ

As reweights Fd at each spatial location; the same symbol is reused for the updated feature. 

Finally, the spatially selected detail feature is concatenated with the retained branch. A 1×1 

convolution is then used for channel fusion, followed by a residual connection: ܻ = 𝑋 + 𝑋௥])1×1ݒ݊݋ܥ ,  ௗ])                    (14)ܨ̃

Y is the DES output; [Xr,Fd] denotes channel concatenation, and X provides the residual path. 

The residual connection preserves semantics and gradient flow, while depthwise and 

pointwise convolutions limit computational overhead. 

3.3 DSAS 

3.3.1 Design Motivation 

YOLOv11 uses fixed top-down and bottom-up fusion, although scale contributions vary with 

altitude, viewpoint, and object distribution. Fixed concatenation may therefore introduce weakly 

relevant features and background responses. 

DSAS replaces key neck fusion nodes with scale alignment, channel-wise dynamic weighting, 

local correction, and residual fusion (Figure 3), enabling adjacent levels to contribute according to 

the current input. 

 
Figure 3. Structure of DSAS. 

3.3.2 Multi-Scale Feature Alignment 

Assume that the ݈-th fusion node in the neck receives three adjacent-scale features: ܨ௟−1ܴ߳஼೗−1×2ு೗×2ௐ೗             (15) ܨ௟ܴ߳஼೗×ு೗×ௐ೗         (16) ܨ௟+1ܴ߳஼೗+1×ಹ೗2 ×ೈ೗2             (17) 

Fl−1, Fl, and Fl+1 denote the adjacent high-, current-, and low-resolution features; Ci, Hl, 

and Wl denote their channels and the current spatial size. 

To enable cross-scale interaction, the three features are aligned to the same spatial resolution 

and number of channels: ̂ܨ௟−1 = ௟ܨ̂ (18)                      ((௟−1ܨ)1×1ݒ݊݋ܥ)3௦=2×3ݒ݊݋ܥ = ௟+1ܨ̂ (19)            (௟ܨ)1×1ݒ݊݋ܥ =  (20)                  ((௟+1ܨ)݌ܷ)1×1ݒ݊݋ܥ



A 1×1 convolution aligns channels, a stride-2 convolution downsamples the high-resolution 

feature, and twofold upsampling aligns the low-resolution feature. Aligned features reuse the 

original symbols. 

After alignment, all three features satisfy: ̂ܨ௜ ∈ ܴ஼×ு೗×ௐ೗，݅ ∈ {݈ − 1, ݈, ݈ + 1}                     (21) 

C is the unified channel number. 

This alignment creates a common representation space while retaining high-resolution details 

and low-resolution semantics. 

3.3.3 Cross-Scale Dynamic Weight Allocation 

The three aligned features are concatenated along the channel dimension: ܨ௠ = ,௟−1ܨ̂)ݐܽܿ݊݋ܥ ௟ܨ̂ ,  ௟+1)                    (22)ܨ̂

Fm is the concatenated multi-scale feature. 

A global descriptor is extracted to estimate the relative importance of the three scales: ݖ = ݖ (23)           (௠ܨ)ܲܣܩ ∈ ܴ3஼     (24) 

z is the pooled descriptor of dimension 3C. 

Following dimensionality reduction and nonlinear mapping, channel-wise weights are 

generated for the three scale branches: ݍ = )ߜ2ܹ ,௟−1ߚ] (25)            (ݖ1ܹ ௟ߚ , [௟+1ߚ =  (26)                     (ݍ)௦ݔܽ݉ݐ݂݋ܵ

q is the mapped descriptor; Softmax along the scale dimension yields channel-wise weights 

βl−1, βl, and βl+1. 

For any channel ܿ, the three scale weights satisfy: ߚ௟−1௖ + ௟௖ߚ + ௟+1௖ߚ = 1                          (27) 

The dynamically fused scale feature is expressed as: ܨ௦ = ⊙௟−1ߚ ௟−1ܨ̂ + ௟ߚ ⊙ ௟ܨ̂ + ⊙௟+1ߚ  ௟+1            (28)ܨ̂

Fs is the channel-wise weighted fusion, and ⊙ denotes element-wise multiplication. 

Channel-wise weighting allows high-resolution detail, current-level information, and 

low-resolution semantics to be emphasized according to scene content. 

3.3.4 Local Scale Correction 

Global weights cannot capture regional scale imbalance, so DSAS adds a lightweight spatial 

correction branch: ܯ௟ = ௟ܯ (29)                [((௦ܨ)3×3ݒ݊݋ܥܹܦ)1×1ݒ݊݋ܥ]ߪ ∈ ܴ1×ு೗×ௐ೗      (30) 

Ml is the spatial response map produced by depthwise convolution, channel compression, and 

Sigmoid. 

The scale feature after local correction is expressed as: ̃ܨ௦ = ௦ܨ⊙௟ܯ +  ௦         (31)ܨ

The residual term preserves low-response regions; Fs is reused for the corrected feature. 

The final output is obtained by residually combining the scale-enhanced feature with the 

current-level feature: ௟ܻ = ௟ܨ̂ +  (32)          (௦ܨ̃)1×1ݒ݊݋ܥ

Yl is the DSAS output, and the mapped Fs is added to the current-level residual Fl. 

The output retains the current spatial size and directly replaces conventional neck fusion. 



DSAS uses pointwise/depthwise convolution and pooling rather than global self-attention, keeping 

computation suitable for real-time UAV detection. 

Overall, scale alignment, dynamic weighting, and local correction jointly preserve 

localization details and semantic context. 

3.4 SOOS 

3.4.1 Design Motivation 

YOLOv11 predicts at P3–P5 with strides of 8, 16, and 32. Extremely small objects may 

occupy only one P3 cell after downsampling, causing loss of contour and position. 

SOOS therefore adds a lightweight stride-4 P2 branch that combines shallow high-resolution 

details with neck semantics (Figure 4). 

 
Figure 4. Structure of SOOS 

3.4.2 Lightweight P2 Detection Branch 

Let the P3-scale feature produced by the neck be defined as: 3ܨ ∈ ܴ஼3×ಹ8×ೈ8        (33) 

F3 is the P3 neck feature with C3 channels and spatial size H/8×W/8. 

The corresponding shallow P2 feature from the backbone is defined as: 2ܨ௕ ∈ ܴ஼2×ಹ4×ೈ4       (34) 

F2
b is the backbone P2 feature with C2 channels and spatial size H/4×W/4. 

The P3 feature is upsampled by a factor of two and processed by a 1 × 1convolution for 

channel reduction: ̂3ܨ =  (35)             ((3ܨ)2݌ܷ)1×1ݒ݊݋ܥ

Up2 denotes twofold upsampling and the 1×1 convolution reduces channels; the aligned 

feature reuses F3. 

The shallow P2 feature is also mapped: ̂2ܨ௕ =  (36)         (2௕ܨ)1×1ݒ݊݋ܥ

The 1×1 convolution maps F2
b to the fusion channel space; the symbol is reused after 

mapping. 

The two features are concatenated along the channel dimension and processed by a 

lightweight fusion unit to generate the P2 prediction feature: 2ܨ = ,3ܨ̂]ݐܽܿ݊݋ܥ)݊݋݅ݏݑܨ݁ݐ݅ܮ  2௕])                  (37)ܨ̂

F2 is the fused P2 prediction feature; Concat and LiteFusion denote channel concatenation 

and the lightweight fusion unit. 

LiteFusion combines depthwise and pointwise convolutions: ݊݋݅ݏݑܨ݁ݐ݅ܮ(𝑋) =  (38)            ((𝑋)3×3ݒ݊݋ܥܹܦ)1×1ݒ݊݋ܥ

LiteFusion uses depthwise convolution for local spatial modeling and pointwise convolution 

for channel interaction. 



The fusion retains P2 resolution while supplementing shallow detail with P3 semantics. 

3.4.3 Lightweight Decoupled Detection Head 

The P2 branch uses separate classification and regression paths. To control high-resolution 

computation, both paths use depthwise separable convolutions. 

The classification branch is expressed as: 2ܲ௖௟௦ = 1௖௟௦×1ݒ݊݋ܥ  (39)        [(((2ܨ)3×3ݒ݊݋ܥܹܦ)⁡ݒ݊݋ܥܹܲ)߶]

The regression branch is expressed as: 2ܲ௥௘௚ = 1௥௘௚×1ݒ݊݋ܥ  (40)        [(((2ܨ)3×3ݒ݊݋ܥܹܦ)⁡ݒ݊݋ܥܹܲ)߶]

P2
cls and P2

reg are the classification and regression outputs, with independent output layers. 

The complete detection output consists of predictions from four scales: 

 ܲ = { 2ܲ, 3ܲ, 4ܲ, 5ܲ}                        (41) 

P is the four-scale prediction set {P2, P3, P4, P5}. 

P2 focuses on extremely small objects, while the original P3–P5 branches remain unchanged. 

For an input image of size ܪ ×ܹ, let the object width and height be ݓand ℎ, respectively. 

The approximate object dimensions on a feature map with stride ݏare expressed as: 

௦ݓ  = ௪௦ , ℎ௦ = ℎ௦                          (42) 

ws and hs are the object dimensions on a feature map with stride s. 

Reducing stride from 8 to 4 approximately doubles each spatial dimension and quadruples 

the response area, preserving more positional and contour information. 

SOOS therefore improves extremely small-object prediction with limited structural and 

computational overhead. 

3.5 Loss Function 

DDS-YOLO retains the YOLOv11 classification loss and Distribution Focal Loss and 

replaces the bounding-box regression loss with WIoU v3. 

WIoU v3 uses dynamic non-monotonic focusing to reduce the influence of very low-quality 

samples and emphasize samples with greater regression value [40]. 

This change adds no parameters or computation during inference. 

4 Experiments and Results 

4.1 Experimental Settings 

YOLOv11n is used as the baseline because its lightweight one-stage architecture provides a 

suitable accuracy–efficiency reference. All comparative and ablation models use the same dataset 

split, input size, augmentation, training schedule, and evaluation protocol. 

Experiments use VisDrone2019-DET, which contains diverse UAV platforms, urban scenes, 

viewpoints, illumination, occlusion, dense objects, and imbalanced categories [41]. 

The dataset provides 6,471 training and 548 validation images across ten categories. Because 

test annotations are unavailable, training uses the official training set and evaluation uses the 

validation set (Table 1). 

Table 1. Basic Information of the VisDrone2019-DET Dataset 

Subset Number of Images Number of Categories 

Training set 6471 10 

Validation set 548 10 

Test set 1610 10 

Images are resized with aspect-ratio preservation and padding. Training uses Mosaic, random 

scaling and translation, horizontal flipping, and hue-saturation-value (HSV) perturbation; 



validation uses only resizing and normalization (Figure 5). 

 
Figure 5. Examples of data augmentation methods applied to a VisDrone2019 image. 

Bounding-box size, aspect-ratio, and category distributions are analyzed to characterize the 

prevalence of small and dense objects. 

4.1.1 Implementation Details 

Experiments are implemented in PyTorch with YOLOv11n pretrained weights. Models use 

640×640 input, 300 epochs, stochastic gradient descent (SGD), an initial learning rate of 0.01, 

cosine annealing, momentum of 0.937, and weight decay of 0.0005. 

Table 2. Experimental Environment and Training Parameters 

Item Configuration 

Operating system  Windows 11 

Deep learning framework PyTorch 

Central processing unit (CPU) i7-13700kf 

Graphics processing unit (GPU) 4080 

Compute Unified Device Architecture 

(CUDA) version 
12.6 

Baseline model YOLOv11n 

Pretrained weights 
Common Objects in Context (COCO) 

pretrained weights 

Input resolution 640×640 

Training epochs 300 

Batch size 16 

Optimizer SGD 

Initial learning rate 0.01 

Momentum 0.937 

Weight decay 0.0005 

Bounding-box regression loss WIoU v3 

All variants use identical settings, and the best validation checkpoint is used for subsequent 

analyses (Table 2). 

4.1.2 Evaluation Metrics 



Detection accuracy is evaluated using Precision, Recall, mAP0.5, and mAP0.95; 

scale-specific performance is measured using average precision for small, medium, and large 

objects (APS, APM, and APL), respectively. 

Efficiency is reported using the number of parameters (Params), FLOPs, model size, and FPS. 

FPS is averaged after warm-up under identical hardware, input, and batch settings. 

4.2 Comparison with Existing Methods 

DDS-YOLO is compared with lightweight YOLO variants trained under identical settings 

and representative UAV detectors using published VisDrone2019 results. 

4.2.1 Comparison with Lightweight YOLO Models 

Table 3. Results of Different Lightweight Detectors on the VisDrone2019 Validation Set 

Model Precision Recall mAP0.5 mAP0.95 

YOLOv5n 40.8 29.7 31.6 17.5 

YOLOv8n 43.7 32.4 34.5 19.8 

YOLOv10n 44.9 33.6 35.8 20.7 

YOLOv11n 46.2 35.1 37.4 21.9 

DDS-YOLO 56.0 44.5 46.3 28.6 

Table 3 shows that DDS-YOLO achieves 56.0% Precision, 44.5% Recall, 46.3% mAP0.5, 

and 28.6% mAP0.95, improving YOLOv11n by 9.8, 9.4, 8.9, and 6.7 percentage points, 

respectively. 

The larger Recall and mAP gains indicate better coverage and localization of distant, 

low-resolution, and dense objects, consistent with the complementary roles of DES, DSAS, and 

P2 prediction. 

Despite the added modules, the model retains 161 FPS and a compact size, meeting real-time 

requirements. 

4.2.2 Comparison with UAV Small Object Detection Methods 

Table 4 compares DDS-YOLO with classical and recent UAV small object detectors. 

Table 4. Performance Comparison of UAV Small Object Detectors on VisDrone2019 

Model mAP0.95 mAP0.5 APS APM APL Params FPS 

RT-DETR-R18 20.8 37.2 12.7 32.2 42.0 19.89 108 

RT-DETR-R50 22.4 39.4 13.7 33.6 45.1 42.12 79 

DFA-DETR 23.3 40.5 14.6 35.1 47.2 16.55 113 

Drone-YOLO-N — 38.1 — — — 3.1 — 

Modified-YOLOv8 — 42.2 — — — 19.2 — 

PC-YOLO11s — 43.8 — — — 7.1 — 

PVswin-YOLOv8s — 43.3 — — — 41.8 — 

EdgeYOLO-S — 44.8 — — — 40.5 — 

WCDB-YOLO 27.9 45.5 — — — 19.8 30.3 

DDS-YOLO 28.6 46.3 15.4 39.1 50.4 8.7 161 

DDS-YOLO exceeds DFA-DETR by 5.8 points in mAP0.5, 5.3 points in mAP0.95, and 0.8 

points in APS; APS reaches 15.4%. 

Its APM and APL are 39.1% and 50.4%, showing that small-object optimization does not 

compromise medium- or large-object detection. 

Compared with WCDB-YOLO, DDS-YOLO improves mAP0.5 and mAP0.95 by 0.8 and 0.7 

points while reducing Params by 11.1M and FLOPs by 36.3G. 



It also improves mAP0.5 by 1.5 points over EdgeYOLO-S using about one-fifth of its 

parameters and computation, and by 2.5 points over PC-YOLO11s with 1.6 M additional 

parameters. 

4.2.3 Accuracy–Efficiency Analysis 

DDS-YOLO uses 8.7 M parameters and 23.8 G FLOPs. Relative to DFA-DETR, these are 

reduced by 47.4% and 51.7%; compared with WCDB-YOLO, it is faster and reduces parameters 

and FLOPs by 56.1% and 60.4%. 

The gain therefore does not rely on large-scale expansion: DES and DSAS use lightweight 

convolutions and weight generation, while LiteFusion and the decoupled P2 head control 

high-resolution cost. 

Overall, DDS-YOLO provides a favorable accuracy–efficiency trade-off for real-time UAV 

small object detection. 

4.3 Ablation Studies 

Ablation studies use YOLOv11n and the settings in Section 4.1 to assess the contributions of 

DES, DSAS, SOOS, and WIoU v3. 

4.3.1 Ablation Study of the Overall Model 

Table 5 reports the progressive integration of the four components. 

DES produces the largest single gain, increasing mAP0.5 from 37.4% to 41.8% and APS by 

1.9 points, confirming the importance of shallow detail preservation. 

DSAS improves mAP0.5 and mAP0.95 by 3.3 and 2.6 points, while SOOS contributes more 

strongly to Recall and APS through high-resolution prediction. 

Table 5. Ablation Results of the Main Components in DDS-YOLO 

DES DSAS SOOS WIoU v3 Precision Recall mAP0.5 mAP0.95 Params 

    46.2 35.1 37.4 21.9 2.6 

√    50.8 39.6 41.8 25.1 4.1 

 √   49.5 38.7 40.7 24.5 3.5 

  √  48.7 39.1 40.2 24.0 4.2 

√ √   53.0 41.8 44.0 27.0 5.0 

√  √  52.4 42.2 43.8 26.8 5.7 

 √ √  51.5 41.4 42.9 26.1 5.1 

√ √ √  55.3 43.8 45.6 28.0 8.7 

√ √ √ √ 56.0 44.5 46.3 28.6 8.7 

Combining DES, DSAS, and SOOS yields 45.6% mAP0.5; WIoU v3 further raises it to 46.3% 

without inference-time overhead, indicating complementary effects. 

4.3.2 Structural Ablation of DES 

Table 6. Ablation Results of the Internal Components of DES 

LS CB HFD AW SS mAP0.5 mAP0.95 APS Params 

     37.4 21.9 11.8 2.6 

√     38.5 22.8 12.5 2.9 

√ √    39.6 23.7 12.9 3.3 

√ √ √   40.7 24.4 13.2 3.7 

√ √ √ √  41.4 24.9 13.5 4.0 

√ √ √ √ √ 41.8 25.1 13.7 4.1 

DES comprises local structure (LS), context (CB), high-frequency detail (HFD), adaptive 



weighting (AW), and spatial selection (SS); Table 6 reports their progressive ablation. 

LS improves mAP0.5 by 1.1 points, and adding CB raises it to 39.6%, showing that local 

boundaries and surrounding context are complementary. 

HFD raises APS to 13.2%, while AW adds 0.7 points in mAP0.5 by adapting branch 

contributions. 

SS provides a smaller but consistent gain by suppressing background responses, and the 

complete DES performs best. 

Table 7 further compares DES insertion positions. 

Table 7. Results of DES at Different Insertion Positions 

Insertion Position mAP0.5 mAP0.95 APS Params FLOPs 

After the shallow P2/4 feature 41.3 24.8 13.5 4.0 9.4 

P2–P3 transition 41.8 25.1 13.7 4.1 9.8 

P3–P4 transition 40.9 24.4 13.1 4.1 8.9 

Dual deployment at P2 and P3 42.0 25.2 13.8 5.6 13.3 

The P2–P3 transition provides the best accuracy–complexity balance. Dual-position 

deployment adds only 0.2 points in mAP0.5 but substantially increases cost, so it is not used. 

4.3.3 Structural Ablation of DSAS 

DSAS consists of multi-scale feature alignment (MFA), dynamic scale weighting (DSW), 

local scale correction (LSC), and residual correction (RC); Table 8 reports their progressive 

ablation. 

Table 8. Ablation Results of the Internal Components of DSAS 

MFA DSW LSC RC mAP0.5 mAP0.95 APS Params FLOPs 

    37.4 21.9 11.8 2.6 6.5 

√    38.0 22.5 12.2 2.9 7.3 

√ √   40.1 24.0 13.0 3.3 8.2 

√ √ √  40.5 24.3 13.2 3.5 8.6 

√ √ √ √ 40.7 24.5 13.3 3.5 8.7 

MFA increases mAP0.5 from 37.4% to 38.0%, whereas DSW further raises it to 40.1%, 

indicating that input-dependent scale weighting is the main contributor rather than simple feature 

alignment. LSC and RC provide additional gains through local correction and stable residual 

information. 

4.3.4 Structural Ablation of SOOS 

Table 9 compares direct P2 addition, C3k2 fusion, and the lightweight SOOS configuration. 

Adding P2 improves APS by 1.4 points. C3k2 gives the highest single-module accuracy but 

increases computation to 20.0 G and reduces speed to 129 FPS. 

Table 9. Comparison of Different SOOS Configurations 

Detection-Head Configuration mAP0.5 mAP0.95 APS Params FLOPs FPS 

Original P3–P5 heads 37.4 21.9 11.8 2.6 6.5 186 

Directly adding a P2 head 39.7 23.6 13.2 4.8 18.1 132 

P2 with C3k2 fusion 40.4 24.1 13.6 5.2 20.0 129 

P2+LiteFusion 40.1 23.9 13.4 4.4 15.6 162 

P2+LiteFusion+lightweightdecoupled head 40.2 24.0 13.5 4.2 14.5 164 

LiteFusion with the lightweight decoupled head is only 0.2 points lower in mAP0.5, but 

saves 5.5 G FLOPs and reaches 164 FPS; it is therefore adopted. 



4.3.5 Comparison of Bounding-Box Regression Losses 

Table 10 compares Complete-IoU (CIoU), SCYLLA-IoU (SIoU), and WIoU v3 on the 

complete structural model. 

Table 10. Results of Different Bounding-Box Regression Losses 

Bounding-Box Loss Precision Recall mAP0.5 mAP0.95 APS 

CIoU 55.3 43.8 45.6 28.0 15.1 

SIoU 55.5 44.0 45.8 28.2 15.2 

WIoU v3 56.0 44.5 46.3 28.6 15.4 

WIoU v3 performs best across the reported metrics without increasing inference complexity, 

so it is used in the final model. 

4.4 Visual Analysis of Detection Results 

Three representative VisDrone2019 validation images compare DDS-YOLO with 

YOLOv11n under multi-scale road traffic, weak pedestrians, and distant dense objects. Enlarged 

regions highlight local differences. 

4.4.1 Detection Results in an Urban Road Scene with Multi-Scale Objects 

Figure 6 shows an urban road scene with strong scale variation. 

Both models detect clear foreground objects, but DDS-YOLO recovers more small vehicles 

and pedestrians in the middle and distant regions. 

 

Figure6. Comparison of DDS-YOLO and YOLOv11n in an urban road scene with multi-scale objects. 

The enlarged region confirms denser and more complete predictions by DDS-YOLO, 

whereas YOLOv11n misses several low-resolution objects. 

This result is consistent with improved detail preservation and cross-scale fusion. 

4.4.2 Detection Results for Weak Pedestrians in Complex Backgrounds 

Figure 7 shows weak pedestrians affected by reflections, occlusion, and complex textures. 

YOLOv11n detects the salient vehicles but misses several nearby pedestrians with 

incomplete contours and low contrast. 

DDS-YOLO produces separate boxes for more adjacent pedestrians, indicating stronger local 

discrimination. 

DES strengthens local and contextual cues, while the P2 branch provides a higher-resolution 

prediction space. 



 

Figure7.Comparison of detection results for weak pedestrian objects in a complex background. 

4.4.3 Detection Results for Distant and Densely Distributed Traffic Objects 

Figure 8 presents distant, dense traffic objects under strong perspective distortion. 

 

Figure8. Detection comparison for distant dense objects. 

Both models detect nearby vehicles, but DDS-YOLO maintains more continuous responses 

in the middle and distant regions, including smaller motorcycles. 

The enlarged area shows more complete coverage and better separation of adjacent targets 

than YOLOv11n. 

The result is consistent with adaptive scale fusion and high-resolution P2 prediction. 

4.4.4 Overall Analysis 

Across the three scenes, DDS-YOLO improves coverage of distant vehicles, weak 

pedestrians, and dense small targets while retaining stable detection of large foreground objects. 

These qualitative trends agree with the quantitative and ablation results: DES enhances 

details, DSAS improves cross-level fusion through input-dependent scale weighting, and SOOS 

strengthens high-resolution prediction. 

5 Conclusion 

This paper proposes DDS-YOLO for UAV small object detection by integrating DES, DSAS, 

SOOS, and WIoU v3 into YOLOv11n. DES enhances local, contextual, and high-frequency cues; 

DSAS performs input-dependent cross-scale fusion; SOOS adds a lightweight P2 prediction 



branch; and WIoU v3 improves regression supervision. 

On VisDrone2019, DDS-YOLO achieves 56.0% Precision, 44.5% Recall, 46.3% mAP0.5, 

and 28.6% mAP0.95, improving YOLOv11n by 9.8, 9.4, 8.9, and 6.7 percentage points, 

respectively. Ablation and visual analyses confirm complementary gains for distant, weak, and 

dense small objects. With 8.7 M parameters, 23.8 G FLOPs, and 161 FPS, the model maintains a 

favorable accuracy–efficiency balance for real-time UAV perception. 
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