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Abstract: In aerial image object detection, small targets present significant challenges due to 1

limited pixel information, complex backgrounds, and sensitivity to bounding box perturbations. 2

To tackle these issues, we propose SO-RTDETR for small object detection. The model introduces a 3

Cross-Scale Feature Fusion with S2 (S2-CCFF) module, a Parallelized Patch-Aware attention (PPA) 4

module, and the Normalized Wasserstein Distance (NWD) loss function, leading to significant 5

performance improvements. Specifically, the S2-CCFF module enhances small object information 6

by incorporating an additional S2 layer, while SPDConv downsampling maintains key details and 7

reduces computational cost. The CSPOK-Fusion mechanism integrates global, local, and large 8

branch features, capturing multi-scale representations and effectively mitigating interference from 9

complex backgrounds and occlusions, thereby enhancing the spatial representation of features 10

across scales. The PPA module, embedded in the Backbone network, leverages multi-level feature 11

fusion and attention mechanisms to retain and strengthen small object features, addressing the issue 12

of information loss. The NWD loss function, by focusing on the relative positioning and shape 13

differences of bounding boxes, increases robustness to minor perturbations, enhancing detection 14

accuracy. Experimental results on the VisDrone and NWPU VHR-10 aerial datasets demonstrate that 15

our approach outperforms state-of-the-art detectors. 16

Keywords: Small Object Detection; Convolutional Neural Network; Feature Extraction; RT-DETR; 17

Aerial Images 18

1. Introduction 19

In aerial image processing, object detection plays a crucial role and is widely applied 20

in geographic information systems, urban planning, environmental monitoring, disaster 21

assessment, and other fields. However, due to the wide field of view in aerial images, the 22

size of the resulting images is often larger than typical images, leading to a significant 23

imbalance between foreground and background information. Many objects appear as small 24

targets, characterized by limited pixel information, small object area, indistinct texture 25

features, and low contrast with the background. Traditional detection methods struggle 26

with these challenges, often facing limitations such as insufficient detection accuracy and 27

loss of fine details. 28

As deep learning and convolutional neural networks(CNN) continue to evolve rapidly 29

in recent years, object detection models utilizing the Transformer [1] architecture, such 30

as DETR (Detection Transformer) [2], have made remarkable progress in detection tasks. 31

By transforming object detection into an end-to-end sequence modeling problem, DETR 32

eliminates the need for region proposals used in traditional detectors. Compared to R- 33

CNN [3] and YOLO [4–9] methods, DETR avoids the complexity of post-processing and 34

hyperparameter tuning by using query vectors as soft anchors instead of predefined anchor 35

boxes for target localization. However, this design results in slow convergence and requires 36

extended training time. To address this, researchers have proposed various improvements, 37
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such as Deformable DETR [10], and the introduction of algorithms like RT-DETR [11] 38

marks a maturation of DETR-based methods. These approaches have improved small object 39

detection by incorporating multi-scale feature extraction modules, contextual information 40

fusion strategies, and advanced bounding box regression mechanisms. Nevertheless, 41

challenges such as complex backgrounds with occlusions, loss of object information, and 42

the low tolerance to bounding box perturbations in aerial images still need to be addressed 43

for small object detection [12]. 44

Complex Backgrounds and Occlusions:Aerial images have a wide perspective and a 45

large number of small targets present. For example, Figure 1 (a) shows a square scene from 46

the VisDrone UAV dataset, containing numerous tiny objects. Additionally, substantial 47

background information, including vegetation and buildings, is present. Figure 1 (b) 48

illustrates small cars obscured by trees. The features of small objects are easily affected by 49

background information or other disturbances, introducing noise into the learned feature 50

representations. This noise weakens the depiction of small object features and hinders the 51

model’s learning and accurate prediction. 52

Loss of Details Regarding Small Objects: In deep learning algorithms, CNN networks 53

typically construct multi-scale feature pyramids, which progressively decrease the spatial 54

resolution of feature maps. While this helps retain most of the critical information, some 55

object information is inevitably lost. For medium and large objects, this loss generally 56

does not significantly affect detection performance, as their features remain prominent. 57

However, for small objects, this loss severely impacts detection [13]. The features of small 58

objects become weak on highly compressed feature maps, and their proximity to each other, 59

as well as potential confusion with the background or other objects, increases detection 60

complexity. As shown in Figure 1 (c), it difficult to make accurate predictions from these 61

sparse and incomplete representations. 62

Low Tolerance to Bounding Box Perturbations: Localization is a fundamental aspect 63

of object detection, typically achieved through bounding box regression. Intersection over 64

Union (IoU) is a common metric for evaluating regression performance. Compared to 65

normal objects, small objects are highly sensitive to slight shifts in their bounding boxes. As 66

illustrated in Figure 1 (d) and Figure 1 (e), small objects (6x6) and normal objects (36x36) are 67

shown. Box A indicates the ground truth (GT), whereas boxes B and C illustrate predicted 68

boxes with slight diagonal shifts of 1 pixel and 2 pixels, respectively. The IoU assesses the 69

overlap between the GT box and the predicted boxes. A 1-pixel shift for the small object 70

reduces the IoU to 0.53, while a 2-pixel shift further decreases it to 0.14. In contrast, the IoU 71

for the normal object remains relatively stable, changing from 0.90 to 0.72 under similar 72

perturbations. This demonstrates that small objects exhibit significantly lower tolerance 73

to bounding box regression errors compared to normal objects, complicating the model’s 74

learning in the regression branch. 75

Figure 1. Challenges in small object detection. (a) Image from the VisDrone dataset; (b) Small object
affected by noise; (c) Feature loss during small object detection; (d) Low tolerance to small object
bounding box perturbations; (e) Minimal impact of bounding box perturbations on normal objects.
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This paper presents SO-RTDETR, a model specifically designed for small object detec- 76

tion to tackle these challenges. The model integrates a Cross-Scale Feature Fusion with S2 77

(S2-CCFF) module, a Parallelized Patch-Aware attention (PPA) module, and the Normal- 78

ized Wasserstein Distance (NWD) loss function. Unlike traditional methods, SO-RTDETR 79

effectively captures small object features, minimizes background noise, enhances cross-scale 80

feature fusion, and lessens the impact of bounding box perturbations, ultimately leading to 81

improved detection accuracy and efficiency. The key contributions of this study include: 82

• The S2-CCFF module is proposed, where an S2 layer is added during cross-scale 83

feature fusion to enrich small object information. To mitigate information loss caused 84

by conventional downsampling, spatial downsampling is performed on the S2 layer 85

using SPDConv, preserving key details while reducing computational complexity. 86

Additionally, the CSPOK-Fusion module is designed to integrate multi-scale features 87

across global, local, and large branches, effectively suppressing noise, capturing feature 88

representations from global to local scales, and addressing complex background 89

interference and occlusion issues, thereby improving detection accuracy. 90

• The PPA module is incorporated into the Backbone network, employing multi-level 91

feature fusion and attention mechanisms to preserve and enhance small object repre- 92

sentations. This ensures key information is retained across multiple downsampling 93

stages, effectively mitigating small object information loss and improving subsequent 94

detection accuracy. 95

• To address the low tolerance of bounding box perturbations, we introduce the NWD 96

[14] loss function, which better captures differences in the relative position, shape, 97

and size of bounding boxes. It focuses on the relative positional relationships between 98

boxes rather than merely relying on overlap. This approach offers greater tolerance to 99

minor bounding box perturbations. 100

The paper is structured as follows: Section 2 provides an in-depth overview of existing 101

research on small object detection in aerial imagery. Section 3 introduces the architecture of 102

the proposed model. In Section 4, we present ablation studies to evaluate the contribution 103

of each module, alongside comparative experiments and visual performance analyses. 104

Lastly, Section 5 concludes the work and discusses potential directions for future research. 105

2. Related work 106

The detection of small objects holds a pivotal position in the field of computer vision, 107

particularly in high-resolution images with complex backgrounds. Small objects occupy 108

fewer pixels, making them more susceptible to background noise and challenging to extract 109

features from. To effectively address these challenges, researchers have proposed various 110

approaches, including improved feature extraction mechanisms, multi-scale feature fusion, 111

and the introduction of novel loss functions. This section reviews mainstream object 112

detection algorithms and the latest advances in small object detection. 113

2.1. Convolutional Neural Network-Based Detection Methods 114

Conventional CNN-based detection approaches are typically divided into two-stage 115

and one-stage detectors. Two-stage detectors, like Faster RCNN [15], Mask RCNN [16], 116

and Cascade RCNN [17], initially generate region proposals, followed by a refinement 117

process to improve classification accuracy and object localization. Libra R-CNN [18] 118

addresses the imbalance issue in small object detection by refining raw features through 119

non-local blocks to obtain balanced interaction features. Cascade R-CNN [17] improves 120

small object detection accuracy by progressively refining predictions through multi-stage 121

regression. This method optimizes the boundary boxes and class information of small 122

objects in a stepwise manner. While two-stage algorithms are well-known for their superior 123

detection accuracy, they also face challenges related to speed, training complexity, and 124

optimization. 125

In contrast, one-stage detectors bypass the need for region proposals by employing 126

a single neural network to simultaneously predict object classes and bounding box coor- 127
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dinates. Prominent one-stage detectors include SSD [19], RetinaNet [20], and the YOLO 128

series [4–9]. These networks are well-suited for tasks where speed is critical but often 129

trade off some accuracy. Despite their faster performance, detecting small objects remains a 130

challenge due to detail loss caused by downsampling. 131

Recognizing the advantages of multi-scale features in object detection, researchers 132

have introduced the FPN [21], which enhances the performance of small object detection. 133

FPN constructs a bottom-up feature pyramid, enabling the model to fuse multi-scale 134

features at different resolutions, thus enhancing its ability to detect small objects. The Path 135

Aggregation Network (PANet) [22] enhances the FPN by employing fewer convolutional 136

layers in its path-enhancement module, thereby retaining more information from lower 137

layers. Additionally, PANet incorporates an adaptive feature pooling module, allowing 138

regions of interest to contain multi-layer features, further boosting small object detection 139

performance. NAS-FPN [23] employed reinforcement learning to train a controller that 140

identifies the optimal model architecture within a predefined search space. BiFPN [24] 141

improves the balance between accuracy and efficiency by eliminating nodes that have only 142

one input edge and introducing an additional edge connecting the original input directly 143

to the output node when their levels align. This method treats each bidirectional pathway 144

as a unique feature network layer. 145

Despite the improvements made by the above methods in detecting objects at different 146

scales, they have not fully considered the extraction of low-level positional information 147

and the subtle interactions within the context, leading to insufficient feature representation 148

when handling small objects. CF2PN [25] utilized multi-level feature fusion techniques 149

to address the challenges of low efficiency in multi-scale object detection in aerial images. 150

AugFPN [26] addressed the inconsistency between detailed and semantic information in 151

feature maps by adopting a one-time supervision approach during feature fusion to bridge 152

the information gap and introduced ASF to dynamically integrate features across various 153

scales. 154

AFPN [27] boosted detection performance by merging adjacent low-level features 155

while progressively incorporating high-level features, minimizing semantic gaps between 156

distant levels, and ensuring a more consistent scale distribution. Gong [28] tackled the 157

poor performance of FPN in small object detection by employing fusion factor techniques, 158

which optimized fusion weights through statistical analysis of object counts in the dataset, 159

significantly improving detection performance. Gao [29] rotated FPN’s high-level semantic 160

features to four different degrees, concatenating them along the channel dimension before 161

processing through convolution layers. This strengthened the interaction between different 162

perspectives of high-level semantic features, further enhancing global semantic information. 163

Hu [30] introduced adaptive hierarchical upsampling to generate FPN features, providing 164

substantial semantic compensation for low-level features and preventing dilution noise 165

caused by FPN fusion. DN-FPN [31] addressed the problem of noisy features arising 166

from the lack of regularization between features of different scales during fusion by using 167

contrastive learning to suppress noise in each layer of FPN’s top-down pathway, thereby 168

improving small object detection accuracy. CFPT [32] introduced a feature pyramid 169

network designed without upsampling, tailored for small object detection in aerial imagery. 170

By enhancing feature interaction and global information utilization through cross-layer 171

channel and spatial attention mechanisms, this approach effectively prevented information 172

loss and improved detection performance. To overcome the limitations of existing FPNs, 173

which often neglect low-level positional information and fine-grained context interaction, 174

LR-FPN [33] proposed a location-refined feature pyramid network to enhance shallow 175

positional information extraction and promote fine-grained context interaction. 176

2.2. Transformer-Based Detection Methods 177

Recently, Transformer-based detection methods have gained significant attention. 178

The Vision Transformer (ViT) [34] has shown notable potential across diverse visual 179

tasks. However, due to the computational complexity of traditional ViTs concerning image 180
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resolution, research has shifted towards lightweight alternatives. The Swin Transformer 181

[35] improves efficiency by restricting self-attention to non-overlapping local windows 182

while incorporating a shifted window strategy, which facilitates connections between 183

adjacent windows. Its hierarchical structure offers multi-scale modeling flexibility and 184

ensures linear computational complexity with image size. 185

The Detection Transformer (DETR) [2] introduced an end-to-end detection model 186

leveraging self-attention mechanisms. By eliminating anchor box generation, DETR simpli- 187

fies the detection process, directly locating targets via query vectors. However, the limited 188

quantity and quality of positive samples may hinder performance on exceedingly small 189

objects. In response, several improvements, such as Deformable DETR [10], have been 190

proposed, incorporating deformable convolutions and sparse attention mechanisms to 191

enhance detection efficiency, particularly in small-object detection tasks. RT-DETR [11], 192

an optimized variant of DETR, reduces the complexity of the Transformer structure and 193

refines the feature extraction module, enabling real-time object detection. O2DETR [36] 194

substitutes attention modules with local convolutions and integrates multi-scale feature 195

maps, demonstrating improved detection performance in scenarios involving rotated ob- 196

jects. Huang [37] employed advanced sampling techniques, including Sample Points 197

Refinement (SPR), Scale-aligned Target (ST), and Task-decoupled Sample Reweighting 198

(SR) mechanisms, to optimize positioning and attention distribution during the detection 199

process. These methods enhance detection performance for small targets by constraining 200

positioning, integrating scale information, and directing attention toward challenging 201

samples. 202

Nevertheless, RT-DETR still faces challenges in effectively addressing small targets, 203

primarily due to inadequate feature representation and suboptimal accuracy, particularly 204

in aerial images where the low contrast between complex backgrounds and small objects 205

exacerbates the issue. 206

2.3. Detection Methods for Small Objects in Aerial Images 207

ClusDet [38] adopts a coarse-to-fine strategy, starting with a Cluster Candidate 208

Network (CPNet) to extract clustered regions, followed by a Scale Estimation Network 209

(ScaleNet) to adjust region sizes. A detection network (DetecNet) then performs precise 210

detection, improving small object recognition. DMNet [39] streamlines ClusDet’s train- 211

ing by using a density map generation network to produce density maps for clustering 212

predictions. 213

UFPMP-Det [40] employs a feature pyramid with multi-path aggregation and anchor 214

optimization to predict sub-regions, which are combined for efficient inference, enhancing 215

both detection accuracy and efficiency. CEASC [41] substitutes sparsely sampled feature 216

statistics with global context features and implements an adaptive multi-layer masking 217

strategy. This approach optimizes mask ratios across various scales, resulting in enhanced 218

foreground coverage and improved precision and efficiency. DTSSNet [42] incorporates 219

a manually designed block between the backbone and neck to enhance sensitivity to 220

multi-scale features, along with a sample selection method tailored for small objects. 221

Drone-YOLO [43] adopts a three-layer PAFPN structure combined with a detection 222

head tailored for small targets, significantly improving the algorithm’s capability to detect 223

small objects. ESOD [44] combines feature-level target searching with image block slicing, 224

reusing the detector’s Backbone for feature extraction and employing sparse detection 225

heads to reduce computational waste in background areas, enabling efficient and accurate 226

small object detection in high-resolution images. 227

FFCA-YOLO [45] enhances the network’s sensitivity to local regions, multi-scale 228

feature fusion, and global interrelations across channels and spatial dimensions through 229

techniques like Feature Enhancement Modules (FEM), Feature Fusion Modules (FFM), and 230

Spatial Context Awareness Modules (SCAM). This method achieves higher detection accu- 231

racy on small object detection datasets of aerial images and demonstrates good robustness 232

under various simulated degradation conditions. 233
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Liu [46] introduced supervision for micro-object regions during training, enabling 234

the extraction of these small areas and creating a clear attention map. By employing this 235

explicit attention map to modulate the feature map semantically, they suppress the back- 236

ground while enhancing regions containing micro-objects, thereby proving the method’s 237

effectiveness for small object detection. 238

To address the challenges posed by large-scale images and uneven object distributions, 239

YOLC [47] introduces a Local Scale Module (LSM) that adaptively searches clustered 240

regions to zoom in for precise detection. The regression loss is modified using Gaussian 241

Wasserstein distance to obtain high-quality bounding boxes, while the detection head em- 242

ploys deformable convolutions and refinement techniques to enhance detection capabilities 243

for small objects. 244

3. Methodologies 245

This section presents a comprehensive overview of the proposed small object detection 246

framework for aerial images, termed SO-RTDETR. First, we summarize the methodology 247

and present the overall network architecture. Subsequently, we elaborate on the composi- 248

tion of each module. 249

3.1. Overall Architecture 250

We select RT-DETR as the baseline framework, which is an optimized version of DETR, 251

designed to deliver faster inference speeds and efficient real-time detection capabilities. 252

After extracting multi-scale feature maps using a backbone network, RT-DETR utilizes an 253

Efficient Hybrid Encoder to convert multi-scale features into a sequence of image features 254

through attention-driven intra-scale feature interactions (AIFI) and CNN-based cross-scale 255

feature fusion (CCFF). It then employs uncertainty-minimizing query selection to choose 256

a fixed number of encoder features, which serve as initial object queries for the decoder. 257

The decoder progressively refines these queries with the assistance of auxiliary prediction 258

heads to produce object classifications and bounding boxes. 259

This study introduces the SO-RTDETR framework for small object detection in aerial 260

imagery, as illustrated in Figure 2. The framework is specifically designed to enhance the 261

detection of small targets and consists of three core components: the Backbone, Encoder, 262

and Decoder. The Backbone constructs a five-layer feature pyramid using a CNN to extract 263

features at different scales and information levels, represented as S1, S2, S3, S4, S5. To 264

improve the ability to capture information about small objects, we introduce a Precision 265

PPA module within the Backbone to retain fine detail information of small targets. 266

During the feature fusion stage, we introduce the S2-CCFF module, which incorporates 267

the S2 layer for cross-scale feature fusion. This module effectively merges features rich 268

in small object information with the S3, S4, and S5 layers, facilitating the learning of 269

feature representations from global to local, and significantly reducing the impact of 270

noise.After processing through uncertainty-minimizing queries and the Decoder, we utilize 271

the Normalized Wasserstein Distance (NWD) metric in the detection head to assess the loss 272

between the ground truth and the predicted bounding boxes, effectively addressing small 273

object bounding box perturbations and enhancing detection performance for small targets. 274
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Figure 2. Overall Architecture of SO-RTDETR: The Backbone integrates the PPA module to retain
essential information regarding small targets. S2-CCFF module incorporates the S2 layer,Enriched
small target information. During detection, the Normalized Wasserstein Distance (NWD) loss is
employed to address challenges associated with bounding box perturbations.

3.2. S2-CCFF Module 275

3.2.1. Module Structure 276

In small object detection tasks, challenges such as high background noise and infor- 277

mation loss can significantly hinder the model’s ability to capture target features. In deep 278

learning algorithms, after constructing a multi-scale feature space through the backbone, 279

multi-scale feature fusion is typically performed to capture features at different scales, 280

enhancing detection accuracy. In RT-DETR, the interaction and fusion of cross-scale fea- 281

tures continue to rely on the FPN as the optimal choice from a real-time perspective. The 282

CCFF performs PAFPN operations on the S3 to S5 layers, as illustrated in Figure 3 (a). The 283

Fusion module within this context is designed in the style of a CSPBlock. The multi-scale 284

pyramid comprises the S1 to S5 layers, corresponding to high, medium, and low-resolution 285

feature maps. Since the resolution of a feature map is inversely related to its receptive 286

field, higher-resolution feature maps (e.g., S1) generally contain more fine-grained spatial 287

information, whereas lower-resolution maps (e.g., S5) possess richer semantic information 288

but less spatial detail. While higher-resolution feature maps like S1 retain more spatial 289

information, their smaller receptive fields result in a lack of contextual information, making 290

it challenging to distinguish small targets from the background or adjacent objects [48]. 291

Conversely, relying solely on the S3, S4, and S5 layers may fail to fully utilize the fine- 292

grained information provided by higher-resolution feature maps (e.g., S2), which is crucial 293

for accurately detecting small targets. The common approach is to incorporate higher 294

resolution feature layers (S2) to better preserve the spatial details of small targets and im- 295

prove detection accuracy. However, this can introduce several issues, including increased 296

computational load and longer post-processing times. 297

To address these challenges in aerial imagery, we propose the S2-CCFF module based 298

on the CCFF module, as shown in Figure 3 (b). This module integrates the S2 layer into 299

cross-scale feature fusion to improve the retention and enhancement of small target feature 300

representations, with S2, S3, S4, and S5 corresponding to resolutions of 1/4, 1/8, 1/16, and 301

1/32 of the original image, respectively. To mitigate the increased computational burden 302

and time consumption associated with adding the S2 layer, we first process the S2 feature 303

layer using SPDConv [49], applying spatial downsampling to reduce the resolution of the S2 304

layer. This involves rearranging pixels to adjust the dimensions and structure of the feature 305

map, allowing us to retain essential detail without directly handling high-resolution feature 306

maps. This effectively resolves issues related to excessive computational demands and ex- 307

tended post-processing times after adding the S2 detection layer. Subsequently, the feature 308
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rich in small object information is fused with the S3 layer using the CSPOK-Fusion module. 309

The CSPOK-Fusion module integrates concepts from CSP and Omni-Kernel [50], consisting 310

of global, large, and local branches to effectively learn feature representations from global 311

to local scales. This approach significantly suppresses background noise, enhances the 312

detection performance of small targets, and reduces computational complexity. 313

Figure 3. Comparison between CCFF and S2-CCFF.(a) represents the CCFF structure utilized in
RT-DETR, while (b) illustrates the proposed S2-CCFF in this work.

The S2-CCFF mainly comprises the SPDConv, Fusion, and CSPOK-Fusion modules. 314

In Figure 3 (b) , red arrows indicate downsampling, and blue arrows indicate upsampling. 315

The SPDConv structure is depicted in Figure 4 (a). Its core concept is to introduce a novel 316

CNN building block that replaces the conventional row-wise convolution and pooling 317

layers found in CNN architectures. By combining spatial-to-depth (SPD) layers with 318

non-row-wise convolution layers, SPDConv aims to enhance performance in detecting low- 319

resolution images and small object targets. It effectively preserves fine-grained information, 320

addressing the information loss problem associated with traditional row-wise convolution 321

and pooling layers, thereby significantly improving performance in object detection and 322

image classification tasks. 323

The Fusion Block, illustrated in Figure 4 (b), first receives features from different 324

layers or scales and concatenates these features along the channel dimension using a concat 325

operation. Subsequently, the features pass through two 1x1 convolutional layers. One 326

branch enters the "RepBlock" module, where it undergoes stacking through N RepBlock 327

units. The RepBlock is a block that incorporates various convolutional and activation 328

operations, aimed at further enhancing the representational capability of the features. It 329

provides more profound feature extraction across multiple levels of features. Next, the 330

features processed by the RepBlock are added element-wise to another set of features that 331

have not undergone RepBlock processing. This step functions as a skip connection, ensuring 332

that features from different levels can be directly fused, thereby preserving the detailed 333

information of shallow features while integrating the contextual information of deep 334

features. Finally, the fused features are flattened in preparation for subsequent classification 335

or regression tasks. This Fusion Block effectively merges information across multiple 336

feature levels through concatenation, convolution operations, and residual connections, 337

thereby strengthening the network’s ability to represent target features in small object 338

detection tasks while reducing the interference from redundant features. 339
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Figure 4. Submodule Structures.(a) SPD-Conv, (b) Fusion Module.

The S2-CCFF module effectively addresses the challenges of significant noise interfer- 340

ence and information loss in small object detection through its design, which incorporates 341

adaptive convolution and multi-scale feature fusion. Compared to traditional feature fusion 342

methods, the S2-CCFF module better retains and enhances the feature representation of 343

small objects, enabling the detector to achieve higher accuracy and robustness in complex 344

backgrounds and noisy environments. 345

3.2.2. CSPOK-Fusion Module 346

In the Fusion architecture, the cross-scale feature fusion is highly effective for inte- 347

grating features from the S3 to S5 layers. However, when directly fusing S2 with S3 to 348

S5, significant differences between shallow and deep features may lead to feature con- 349

flicts. Specifically, the low-level information from the S2 layer can obscure the high-level 350

semantic features of the S3 to S5 layers, adversely affecting the overall performance of the 351

network. Traditional fusion structures may not adequately address these disparities, which 352

can diminish the effectiveness of the fusion process. Therefore, this study introduces the 353

CSPOK-Fusion module, which incorporates the CSPOK module into the original Fusion 354

architecture. Figure 5 illustrates the CSPOK-Fusion structure, which combines CSPOK with 355

multi-branch convolution operations and RepBlock mechanisms through cross-channel 356

fusion. The CSPOK-Fusion module enhances useful shallow detail information while 357

suppressing redundant shallow information, thereby preventing shallow features from 358

interfering with deep semantic features. 359

Figure 5. CSPOK-Fusion Structure. This structure is primarily used for the fusion of features from the
S2 and S3 layers. Compared to the Fusion module, the CSPOK module has been added to enhance
the integration process.

The CSPOK Block improves upon the Omni-Kernel Module (OKM) using the Cross 360

Stage Partial (CSP) concept, as illustrated in Figure 6 (a). Initially, the input feature map X 361

undergoes preliminary feature extraction through a convolutional layer. The CSP structure 362

subsequently divides the input feature map into two branches, with the feature map split 363

into two parts of 1
4 and 3

4 . The left branch X1, corresponding to the 1
4 feature map, performs 364

OKM operations, which involves channel compression via a 1 × 1 convolution, followed 365

by feature extraction through three levels: local branch, large branch, and global branch. In 366

the large branch, the convolution kernel size of 63 is replaced with 61. Meanwhile, the right 367
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branch X2, representing the 3
4 portion, directly concatenates with the feature map processed 368

by OKM and fuses the two through a convolutional layer. This structure enhances the 369

network’s learning capacity without increasing computational overhead. It retains the 370

robust contextual processing ability of the OKM module while ensuring that the other 371

branch sufficiently preserves small target information, thereby improving the accuracy and 372

speed of object detection. 373

Figure 6. Structure of the CSPOK module. (a) Module structure; (b) FSAM structure; (c) DCAM
structure.

(1) Local branch: performs 1x1 depth convolution to extract local features. 374

y = C1×1(X1)

Olocall = DC1×1(y)
(1)

where Olocall represents the output of the local feature processing branch, C1×1 denotes the 375

1×1 convolution, andDC1×1 represents the 1×1 Depthwise convolution. 376

(2) Large branch: performs large-scale feature extraction through three depthwise 377

convolutions (DC). 378

Olarge = DC1×61(y) + DC61×61(y) + DC61×1(y) (2)

here, for the input y, after undergoing three depthwise convolutions 1×61, 61×61, 61×1 379

with large kernels, the results are summed to obtain the outcome of the large-scale feature 380

processing Olarge . 381

(3) Global branch: acquires global features through the DCAM and FSAM modules, 382

represented as follows: 383

Oglobal = FSAM(DCAM(Z)) (3)

The DCAM utilizes a dual-channel attention mechanism to enhance mutual informa- 384

tion among feature channels, thereby improving their representation capability. Initially, 385

input features undergo a 1×1 convolution, followed by transformation into the frequency 386

domain via the Fast Fourier Transform (FFT). In this domain, dual-channel weighting is 387

applied through two distinct convolution paths, processing feature information across 388

different channels. The features are then transformed back to the spatial domain using the 389

Inverse Fast Fourier Transform (IFFT) and subjected to another 1×1 convolution to recon- 390

struct the feature map. This process is further refined by fusing the features to strengthen 391

inter-channel correlation and enhance feature expressiveness. 392
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The FSAM improves feature extraction efficacy by transforming the feature map into 393

the frequency domain for processing. Initially, input features undergo a 1×1 convolution, 394

followed by the application of the Fast Fourier Transform (FFT), which transforms the 395

feature map from the spatial domain to the frequency domain. In this domain, different fre- 396

quency components are emphasized using weighted attention to enhance critical frequency 397

information. The feature map is then transformed back to the spatial domain through the 398

Inverse Fast Fourier Transform (IFFT). Lastly, the attention-enhanced frequency domain 399

features are fused with the original features, resulting in an enriched feature representation. 400

Ultimately, the local features, large-scale features, and global features are fused through 401

element-wise addition. The 3
4 feature map obtained from the initial convolution is added 402

element-wise to the fused features and then processed through a convolution layer to 403

generate the final feature map Fout. 404

Fout = Conv(X2 + C1×1(Olocal + Olarge + Oglobal)) (4)

In summary, the CSPOK-Fusion structure is primarily designed for the fusion of 405

feature maps from layers S2 and S3. Building upon the original fusion framework, the 406

CSPOK module is incorporated to facilitate the gradual fusion of partial features and 407

implement residual connections. This approach enhances the completeness and richness 408

of feature representation while maintaining computational efficiency. For small object 409

detection, the CSPOK module minimizes redundant feature transmission and ensures that 410

critical information is not lost within the network hierarchy. This structure effectively 411

integrates deep and shallow features while ensuring computational efficiency. Such a 412

design is particularly well-suited for small object detection tasks, enabling the model to 413

capture target details across different scales and enhancing its capability to detect small 414

objects in complex backgrounds. 415

3.3. Backbone network structure 416

Feature extraction is critical for object detection in aerial images, commonly accom- 417

plished using a CNN-based architecture that constructs a five-layer feature pyramid to 418

capture information at multiple scales and feature representations. However, many tar- 419

gets in aerial imagery appear as small objects, often occupying only a minor portion of 420

the image. As the feature pyramid is constructed, these small objects are susceptible to 421

gradual dilution or loss, while larger targets present increased complexity and diversity, 422

which complicates the feature extraction process. To tackle these challenges, this study 423

incorporates the PPA module [51] into the Backbone network, as illustrated in Figure 7. 424

Layer 1 uses convolutional operations to extract low-level features from the input image. 425

Layers 2 to 4 integrate Conv modules with the PPA module to generate multi-scale feature 426

maps. The PPA utilizes hierarchical feature fusion and attention mechanisms to maintain 427

and enhance small object representations, ensuring that vital information is preserved 428

throughout multiple downsampling steps, ultimately improving detection accuracy in later 429

stages. 430
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Figure 7. Backbone network structure. Layer 1 extracts low-level feature information through
convolutional modules, Layers 2 to 5 comprise Conv modules integrated with the PPA module,
which includes two components: multi-branch fusion and attention mechanisms. The multi-branch
block consists of local and global branches.

The PPA employs a parallel multi-branch strategy, primarily comprising two compo- 431

nents: multi-branch fusion and attention mechanisms. The fusion component integrates 432

patch-aware and concatenated convolutions. By modifying the patch size parameter, local 433

and global branches are distinguished, with the parameter ’p’ set to 2 for local and 4 for 434

global branches. Each branch is responsible for extracting features at varying scales and 435

levels. This multi-branch approach enhances the capture of multi-scale features of targets, 436

thereby improving the accuracy of small object detection. 437

Given the input feature tensor F ∈ RH′×W ′×C, it is initially processed through point- 438

wise convolution to produce the desired output F′ ∈ RH′×W ′×C′
. Subsequently, calculations 439

are performed for Flocal ∈ RH′×W ′×C′
, Fglobal ∈ RH′×W ′×C′

, and Fconv ∈ RH′×W ′×C′
through 440

the three branches, respectively. Finally, the three results are aggregated to generate the 441

final feature representation. 442

In the global branch, computationally efficient operations are used, including Unfold 443

and Reshape, to divide F’ into a series of spatially continuous blocks (p × p, H′/p, W ′/p, C). 444

Subsequently, each channel undergoes average processing to obtain the feature repre- 445

sentation, which is then processed using a feed forward network (FFN) [26] for linear 446

computation. An activation function is applied to acquire the probability distribution of the 447

linear computed features in the spatial dimension, allowing for corresponding weight ad- 448

justments. In the weighted results, feature selection [27] is utilized to choose task-relevant 449

features from the tokens and channels. 450

The PPA module aligns and refines contextual information from multiple layers 451

progressively through a hierarchical fusion approach. For small objects, this method 452

helps retain fine details that are typically lost in traditional networks. This is crucial for 453

detecting small objects in complex backgrounds, enabling effective execution of aerial 454

image detection. 455

3.4. NWD loss function 456

For small targets in aerial images, even small deviations in bounding boxes can 457

lead to a significant decrease in IoU, thereby affecting localization accuracy. This low 458

tolerance makes accurate localization of small targets particularly difficult. Due to the low 459

tolerance of bounding box perturbations, the detection of small targets is more susceptible 460

to interference from noise and background debris, leading to an increase in false positives 461

and false negatives. To address this issue, we employs a novel measure of NWD similarity 462

in place of the IoU. The NWD distance presents an innovative solution by first modeling 463
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the bounding box as a two-dimensional Gaussian distribution and then assessing their 464

similarity through the calculation of the Wasserstein distance between the two distributions. 465

Due to its capacity to quantify the similarity between distributions, Wasserstein distance 466

is particularly well-suited for evaluating the similarity of small objects, even in cases of 467

negligible or non-existent overlap. Furthermore, NWD is less sensitive to variations in 468

object scale, enhancing its applicability for small object detection. 469

Specifically, for horizontal bounding boxes R = (cx, cy, w, h) , where (cx, cy) represent 470

the center coordinates, and and denote the width and height, respectively. The two-stage 471

Wasserstein distance between two bounding boxes is defined as follows: 472

W2
2 (Na,Nb) =

∥∥∥∥∥
([

cxa, cya,
wa

2
,

ha

2

]T
,
[

cxb, cyb,
wb
2

.
hb
2

]T
)∥∥∥∥∥

2

2

(5)

here, the distance measure W2
2 (Na,Nb) cannot be directly utilized as a similarity measure 473

(i.e., a value between 0 and 1 corresponds to IoU). Consequently, we applied an exponential 474

normalization to derive a new metric known as Normalized Wasserstein Distance (NWD): 475

NWD(Na,Nb) = exp

−

√
W2

2 (Na,Nb)

C

 (6)

here, C is a constant closely associated with the dataset. The loss function based on NWD 476

is defined as follows: 477

LNWD = 1 − NWD(Np,Ng) (7)

where Np is the Gaussian distribution model of the prediction box P, and Ng is the Gaussian 478

distribution model of the GT box G. 479

For small targets, the IoU metric is particularly sensitive to minor perturbations in 480

the bounding box; even slight positional deviations can result in a substantial decline in 481

IoU, adversely impacting detection accuracy. In contrast, the NWD distance assesses the 482

similarity between Gaussian distributions of bounding boxes. It can evaluate the similarity 483

between predicted and actual boxes more accurately, even when small perturbations are 484

present, thereby enhancing detection accuracy. 485

4. Experiment 486

4.1. DataSet 487

This study utilizes two widely used aerial image datasets for object detection: VisDrone 488

2019 and NWPU VHR-10. VisDrone 2019 is a large-scale dataset comprising 10,209 images 489

captured by drones in urban and suburban areas across 14 Chinese cities. With a resolution 490

of 2000 × 1500 pixels, it includes 542,000 instances spanning 10 common traffic scene 491

categories such as pedestrians and vehicles. The dataset presents challenges like occlusion 492

and varying viewpoints, with a high density of small objects, making it suitable for small 493

object detection tasks. 494

The NWPU VHR-10 dataset, released by Northwestern Polytechnical University, 495

contains 650 annotated high-resolution remote sensing images covering 10 object categories, 496

such as airplanes, ships, and bridges. These images are sourced from Google Earth and the 497

Vaihingen dataset, encompassing diverse scene types with varying object densities, ranging 498

from dense to sparse distributions. The dataset is partitioned into training, validation, and 499

test sets with a 7:2:1 split. Both datasets contain numerous small, densely packed objects, 500

providing a robust environment for evaluating object detection models in aerial imagery. 501

Figure 8 shows the histogram of class instance distribution (first row) and the scatter 502

plot of target box width and height distribution (second row) for two datasets. Figure 8 503

(a) Listed as VisDrone 2019 dataset, Figure 8 (b) as NWPU VHR-10 dataset. The number 504

of categories in the first row shows that the number of categories in VisDrone and NWPU 505

VHR-10 is not equal, with significant differences. The width and height of the target in the 506

second dataset are relatively small, which poses certain challenges for object detection. 507
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Figure 8. Scatter plot of category distribution and width/height distribution for the VisDrone 2019
dataset and NWPU VHR-10 dataset, with the first row representing category distribution and the
second-row representing width/height distribution.

4.2. Evaluation metrics and Environment 508

4.2.1. Evaluation metrics 509

In this experiment, the complexity of the algorithm is quantified in terms of floating 510

point operations (FLOPs). The performance metrics used for comparative evaluation of 511

the network include precision (P), recall (R), average precision (AP), and mean average 512

precision (mAP) for each class. All predicted results are classified as positive samples. The 513

evaluation framework defines true positive (TP) as the count of correctly detected positive 514

samples, false positive (FP) as the number of incorrectly identified positive samples, and 515

false negative (FN) as the actual targets that were missed during detection. 516

Precision is defined as the probability of correct predictions among all predictions, 517

thereby assessing the accuracy of the algorithm’s predictions. Recall represents the ratio 518

of correctly predicted results to actual occurrences, measuring the algorithm’s ability to 519

identify all target objects. These metrics correspond to the probabilities of false detection 520

and missed detection, respectively. 521

Precision =
TP

TP + FP

Recall =
TP

TP + FN

(8)

The area under the precision-recall (P-R) curve obtained from different numbers of 522

positive samples represents the average precision (AP) for each class, while the mean 523

average precision (mAP) is calculated as the average of the average precision across all 524

classes. The formulas are as follows: 525

AP =
∫ 1

0
Precison (t)dt

mAP =
∑N

n=1 APn

N

(9)
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Additionally, we employ other evaluation metrics. P indicating the parameter size. 526

This metric reflects the complexity of the model. GFLOPs refer to the number of floating- 527

point operations performed by the model during execution, serving as a crucial indicator 528

for assessing computational complexity. 529

4.2.2. Experimental Environment 530

The experimental environment and setup are as follows: the model was implemented 531

on an A800 GPU cluster equipped with three 256GB GPUs, running on the Red Hat 4.8.5-28 532

operating system. Python version 3.11 and CUDA version 12.1 were used. Standard data 533

augmentation techniques, such as random cropping, flipping, and scaling, were applied to 534

enhance the model’s generalization capability. The baseline model employed was RT-DETR, 535

using ResNet50 as the feature extraction CNN. Other parameters used in this study are 536

listed in the table below: 537

Table 1. Hyperparameter setting .

Parameter Value

optimizer AdamW
base_learning_rate 0.0001

weight_decay 0.0001
global_gradient_clip_norm 0.1

linear_warmup_steps 2000
minimum learning rate 0.00001

4.3. Ablation Study 538

Ablation experiments were performed on the VisDrone and NWPU VHR-10 datasets 539

to assess the effectiveness of the proposed improvements outlined in this section. Utilizing 540

RT-DETR as the baseline and ResNet-R18 as the backbone network, the results obtained 541

from the VisDrone validation dataset are displayed in Table 2. 542

Table 2. Ablation experiments on the VisDronevaldataset.

PPA S2-CCFF NWD P(M) GFLOPS mAP

× × × 38.61 56.8 44.8
✓ × × 27.46 62.1 45.6
× ✓ × 39.8 66.9 46.8
× × ✓ 38.61 57.0 45.1
✓ ✓ × 37.39 77.7 47.7
✓ ✓ ✓ 37.39 76.0 47.9

The mPA of the baseline is 44.8%. Mainly because RT-DETR uses Transformer’s self- 543

attention mechanism, although it can capture global information, when facing extremely 544

small targets, the global features may be too sparse to fully focus on the target itself. This 545

can cause the features of small targets to be ignored in larger contexts, thereby affecting 546

detection accuracy. 547

After adding the PPA module, Parameter reduced by 11.15 M approximately, GFLOPs 548

increased, and mPA increased to 0.8%. Mainly because the PPA module adopts a multi 549

branch fusion and attention mechanism. In multi-branch fusion, each branch uses different 550

convolution operations (such as patch-aware and concatenated convolutions) to extract 551

features, which are fused in subsequent stages. This fusion not only combines information 552

from different scales but also enhances feature richness and representation ability through 553

diverse convolution operations. The attention mechanism can further focus on key areas 554

in the image, ensuring that key information is saved through multiple downsampling 555

steps, thereby improving the detection accuracy of small targets. After only adding the 556

S2-CCFF module, the number of parameters and calculations increased, and the accuracy 557

also improved to 2%. This is because the S2-CCFF module adds an S2 layer that contains 558
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rich information about small targets during multi-scale feature fusion. At the same time, 559

the CSPOK module adopts the CSP idea and global, large, and local branches to provide the 560

model with a multi-granularity receptive field, effectively learning global to local feature 561

representations. This improves the model’s ability to extract and fuse features for small 562

targets and effectively suppresses background noise. However due to the addition of the 563

S2 layer, the parameters of the model and the computer have increased. After introducing 564

the NWD loss function, GFLOP remained almost unchanged, but mAP increased by 0.3%. 565

This is due to the ability of NWD to evaluate the similarity between Gaussian distributions 566

of bounding boxes. Even when small target bounding boxes encounter small deviations, 567

NWD can more accurately measure the similarity between predicted boxes and real boxes 568

than traditional methods, thereby optimizing detection accuracy. When using both PPA 569

and S2-CCFF modules simultaneously, the parameter count is between the case of using 570

only PPA or only S2-CCFF, and GFLOPs reach the highest of 77.7 G, but the accuracy is also 571

improved by 2.9%. Indicating that these modules may have a synergistic effect. They can 572

better adapt to small object detection tasks by cooperating and optimizing various aspects 573

of the network, jointly improving the performance of small object detection tasks in aerial 574

images. After adding three modules simultaneously, there was a 3.1% increase compared 575

to the baseline. Indicating that these modules may have a synergistic effect. They can better 576

adapt to small object detection in aerial images and jointly improve detection performance 577

by cooperating and optimizing various aspects of the network. 578

In the NWPU VHR-10 dataset, we can obtain similar experimental results, as shown 579

in Table 3 compared to having only one module, networks with overlapping blocks achieve 580

better performance. The addition of three modules enables the model to gradually align 581

and refine contextual information from multiple layers, ensuring that key information is 582

saved through multiple downsampling steps, effectively fusing deep and shallow features, 583

and effectively suppressing the interference of complex backgrounds to achieve better 584

regression and classification results. Meanwhile, the experiment also showed that the 585

proposed module had no conflicts, and when all proposed methods were adopted, the 586

model exhibited the best performance of 89.5 on both datasets. 587

Table 3. Ablation experiments on the NWPU VHR-10 dataset .

PPA S2-CCFF NWD P(M) GFLOPS mAP

× × × 38.61 57.0 86.4
✓ × × 35.05 60.2 87.2
× ✓ × 39.80 65.2 88.2
× × ✓ 38.61 57.0 87.3
✓ ✓ × 39.2 76.0 89.3
✓ ✓ ✓ 39.2 76.0 89.5

4.4. Comparative Experiment 588

4.4.1. VisDrone 589

To further assess the effectiveness of our method, comparative experiments were 590

performed on the VisDrone dataset alongside other established methods, as presented in 591

Table 4. Faster R-CNN and Cascade R-CNN are classified as two-stage methods, while the 592

remaining methods are one-stage approaches. The results indicate that ATSS achieves the 593

highest performance in mAP and mAP_l, while SO-RTDETR shows excellent performance 594

in small target detection (mAP_s=0.157) and is highly competitive at mAP_50 (0.393), 595

making it suitable for applications that require high-sensitivity small target detection. 596

YOLOX has the weakest overall performance, while RT-DETR shows a balance in small 597

object detection and mAP_50, but both perform poorly under stricter conditions. 598
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Table 4. Comparative experiment based on VisDrone_test

.

Method mAP mAP_0.5 mAP_0.75 mAP_s mAP_m mAP_l

Faster-RCNN [15] 0.205 0.342 0.219 0.100 0.295 0.433
Cascade-RCNN [17] 0.208 0.337 0.224 0.101 0.299 0.452

TOOD [52] 0.214 0.346 0.230 0.104 0.303 0.416
ATSS [53] 0.216 0.349 0.231 0.102 0.308 0.458

RetinaNet [20] 0.178 0.294 0.189 0.067 0.265 0.430
RTMDet [54] 0.184 0.312 0.213 0.077 0.288 0.445
YOLOX [55] 0.156 0.283 0.155 0.078 0.213 0.288

RT-DETR [11] 0.159 0.365 0.107 0.138 0.284 0.231
SO-RTDETR 0.176 0.393 0.123 0.157 0.330 0.227

This is because ATSS introduces the adaptive training sample selection (ATSS) mecha- 599

nism, which adaptively selects positive and negative samples for each target and combines 600

with the FPN to effectively integrate multi-scale features, especially with high robustness 601

for detecting large targets. The adaptive positive sample selection mechanism helps to im- 602

prove detection accuracy under strict IoU thresholds (such as mAP_l), and it can accurately 603

select the most suitable anchor box. In addition, ATSS can effectively respond to targets of 604

different scales through this mechanism, resulting in the best overall mAP performance. 605

Although YOLOX is a one-stage method, its performance in small object detection and 606

high IoU threshold is poor. The anchor-free strategy adopted by YOLOX is more flexible in 607

localization, but its ability to express features of small targets is insufficient. In addition, 608

YOLOX’s FPN design cannot fully capture the detailed information of small targets when 609

processing high-density small target scenes, resulting in a lower overall mAP. In addition, 610

under stricter IoU thresholds such as mAP_75 and mAP_l, YOLOX’s robustness is not 611

as good as ATSS and other methods because its positive and negative sample allocation 612

mechanism has not been fully optimized for high IoU. 613

RT-DETR, as a DETR-based network, utilizes the Transformer architecture and its 614

powerful self-attention mechanism helps capture global contextual information, resulting 615

in a relatively balanced performance in small object detection and mAP_50. Transformer 616

can effectively handle the relationships between objects and enhance feature learning, 617

making it suitable for multi-scale object detection. The performance of RT-DETR is weak 618

under strict conditions such as mAP_75 and mAP_l, mainly due to the Transformer model’s 619

strong dependence on training data and slow convergence. At high IoU thresholds, the 620

regression accuracy of RT-DETR is insufficient, making it difficult to match models with 621

adaptive mechanisms such as ATSS. In addition, the optimization of RT-DETR may not 622

fully adapt to small deviations of small targets under stricter IoU conditions. 623

SO-RTDETR is a network optimized for small object detection. It introduces modules 624

such as S2-CCFF and PPA basis on RT-DETR, which significantly enhance the model’s 625

perception of small targets by enhancing fine-grained feature extraction capabilities. Es- 626

pecially in the feature pyramid structure, the fine capture of small target information is 627

more sensitive, avoiding the loss of small target features in the downsampling process 628

of traditional detection networks. Therefore, SO-RTDETR performs well in small target 629

detection (mAP_s=0.157) and mAP_50 (0.393), making it suitable for small target scenarios 630

that require high-sensitivity detection. 631

The VisDrone dataset in Figure 9 displays city streets and roads at different times 632

and locations. This includes various complex urban environments, including busy streets, 633

intersecting roads, buildings, and bridges, which pose challenges to detection algorithms. 634

From the detection effect diagram of the method in this article, it can be seen that the model 635

has robustness for detecting small targets in different scenes, times, and types, especially 636

for targets in complex scenes, as well as in varying lighting conditions, occlusions, and 637

background interferences. 638
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Figure 9. Figure 9: Detection results of SO-RTDETR on the VisDrone dataset.

To further assess the effectiveness of the proposed method, feature maps were gener- 639

ated with the Encoder on two VisDrone images. In these maps, colors represent different 640

activation intensities, with green and yellow regions indicating higher levels of activation. 641

These areas signify features that substantially contribute to the model’s decision-making 642

process ??. As shown in Figure 10 (a) list as two original input images. The first image is a 643

square, and the following image is a street with many vehicles and pedestrians. The second 644

column shows the feature map generated by the baseline model, reflecting the spatial 645

detail information extracted from the image. However, these feature maps appear noisy 646

and scattered when focusing on specific areas of interest, such as pedestrians in squares 647

or vehicles on streets. The activation areas are distributed throughout the feature maps, 648

lacking concentrated attention to small targets. The third column shows the feature maps 649

generated by the SO-RTDETR model, demonstrating a more focused attention mechanism, 650

especially in areas where there may be targets such as pedestrians and vehicles. In contrast, 651

the activation area is clearer and exhibits stronger concentration in the relevant areas of 652

small object detection. This indicates that the method proposed in this article can better 653

capture feature information related to small objects. Compared with the baseline, the 654

feature map of SO-RTDETR significantly reduces irrelevant noise and focuses more on key 655

areas in the image, indicating higher efficiency in small object detection. 656

The visual representation of the feature map indicates that the proposed method 657

concentrates more on specific regions within the image, resulting in the extraction of more 658

pronounced features. In contrast, the feature map generated by the Baseline method 659

displays a more dispersed color distribution, suggesting that the activated feature areas 660
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are broader. This lack of focus on target regions adversely impacts detection accuracy, 661

potentially leading to false positives or missed detections. 662

Figure 10. Feature maps created after Encoder. (a) shows two images from the VisDrone dataset, (b)
illustrates the feature map produced by the Baseline method, while panel (c) depicts the feature map
generated by the proposed method. The figure demonstrates that the feature maps derived from our
method exhibit richer detailed information and a more pronounced hierarchical structure, effectively
capturing a substantial number of small target features.

Figure 11 shows the comparison of object detection results between our method and 663

RT-DETR, Cascade RCNN, and YOLOX in different scenarios. By analyzing the detection 664

performance of different methods in various scenarios, it can be seen from the figure that 665

our method successfully detected more small targets, especially pedestrians and small 666

vehicles, in multiple scenarios (such as squares, nighttime roads, rural intersections, etc.), 667

demonstrating its sensitivity to small targets and crowded scenes. This indicates that 668

the method has good feature extraction and precise localization capabilities. In complex 669

scenarios, the method proposed in this article can maintain a high detection rate, especially 670

in high-density traffic areas, demonstrating strong adaptability. The performance of RT- 671

DETR is relatively balanced in various scenarios, especially in nighttime roads and high- 672

density vehicle scenes, where it can detect most vehicles and pedestrians, demonstrating 673

good ability in detecting medium-sized targets. However, RT-DETR has some shortcomings 674

in detecting small targets such as distant pedestrians or small vehicles, especially in some 675

long-distance or low-resolution scenes where there are relatively more missed detections. 676

Cascade RCNN has shown good detection performance for large vehicles and targets 677

close to cameras in multiple scenarios, demonstrating its strong detection ability for large 678

and medium-distance targets. However, in some target-dense scenarios (such as urban 679

streets), Cascade RCNN fails to detect pedestrians and small targets at long distances well, 680

especially in scenes such as squares and rural intersections, where the phenomenon of 681

missed detection is more obvious, indicating that it has certain limitations in detecting small 682

or long-distance targets. YOLOX has low target detection accuracy in multiple scenarios, 683

especially in urban roads and nighttime scenes, where many small targets have not been 684

successfully detected. This indicates that YOLOX performs relatively poorly in handling 685

complex scenes and small object detection. Although the overall performance is not as 686
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good as other methods, YOLOX still shows good localization ability when detecting large 687

targets, such as large vehicles close to the camera. 688

Figure 11. Comparison of detection performance between the SO-RTDETR and popular methods

SO-RTDETR achieved good detection results, mainly due to the difficulty of small 689

object detection. A series of targeted optimization measures were proposed, such as the 690

S2-CCFF module, PPA module, and NWD loss function. These modules help the model 691

more effectively capture the detailed features of small targets, especially in distinguishing 692

targets in complex backgrounds, enhancing the detection accuracy and recall rate of small 693

targets.detection accuracy. 694

4.4.2. NWPU VHR-10 695

The proposed method was assessed against leading techniques on the NWPU VHR-10 696

dataset, with findings summarized in Table 5. The results indicate that two-stage meth- 697

ods, such as Faster R-CNN and Cascade R-CNN, surpass various one-stage approaches, 698

especially in the NWPU dataset, which features diverse land types and often ambiguous 699

boundaries that complicate classification [56]. Additionally, the dataset contains numerous 700

small features and densely populated areas with complex backgrounds, including build- 701

ings and trees, which can hinder classification accuracy due to occlusions and shadows. 702
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The two-stage approach first generates high-quality candidate regions (RoI) via a Region 703

Proposal Network (RPN), followed by refined classification and localization of these re- 704

gions. This two-step process improves target localization accuracy, particularly in cases 705

with significant variations in target size, shape, and aspect ratio, allowing the two-stage 706

method to capitalize on its strengths. 707

Overall, Faster RCNN and RetinaNet perform equally well and are suitable for scenar- 708

ios with multiple target scales. YOLOX and Cascade RCNN perform well under stricter 709

IoU conditions, but there is room for improvement on small targets. RTMDet performs 710

well under medium to large targets and high IoU conditions, making it suitable for large 711

target detection tasks in scenes. This is mainly due to multi-level feature fusion and ef- 712

ficient loss function optimization. SO-RTDETR enhances its sensitivity to small targets 713

through innovative module design and loss function optimization, resulting in outstanding 714

performance in small target detection tasks. Having high mAP and mAP50, it is suitable 715

for high-sensitivity small target detection tasks. 716

Table 5. Comparative experiment based on VisDrone_test.

Method mAP mAP_0.5 mAP_0.75 mAP_s mAP_m mAP_l

Faster-RCNN [15] 0.512 0.878 0.55 0.45 0.48 0.544
Cascade-RCNN [17] 0.543 0.881 0.583 0.35 0.486 0.576

TOOD [52] 0.482 0.876 0.498 0.45 0.446 0.549
ATSS [53] 0.459 0.813 0.481 0.114 0.463 0.487

RetinaNet [20] 0.512 0.815 0.611 0.412 0.621 0.562
RTMDet [54] 0.562 0.878 0.641 0.419 0.636 0.571
YOLOX [55] 0.522 0.841 0.615 0.345 0.505 0.588

RT-DETR [11] 0.499 0.853 0.570 0.274 0.507 0.679
SO-RTDETR 0.570 0.882 0.629 0.403 0.546 0.678

Figure 12 compares the detection performance of SO-RTDETR with the baseline 717

approach on the NWPU VHR-10 dataset. The first row shows results from our method, 718

while the second row presents the baseline results. Green boxes indicate true positives (TP), 719

blue boxes represent false positives (FP), and red boxes denote false negatives (FN). The 720

results highlight that the baseline method has a considerable number of false positives and 721

missed detections. In contrast, our method effectively reduces both FP and FN, leading to 722

more accurate object identification and improved detection accuracy. 723
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Figure 12. Comparison of detection performance, The first row displays the results from SO-RTDETR,
while the second row shows the baseline method. The proposed approach significantly reduces false
positives (FP) and false negatives (FN), thereby enhancing detection accuracy.

Figure 12 presents a bar chart comparing the performance of two datasets (VisDrone 724

and NWPU VHR-10) in detection. The blue bars in the figure represent the baseline 725

detection results, while the green bars represent the results of our method. The results 726

depicted in the figure indicate that the SO-RTDETR enhances detection accuracy relative 727

to the baseline approach, while also reducing the occurrence of false positives and missed 728

detections. These findings demonstrate the effectiveness of the method in improving 729

detection performance. 730

Figure 13. Detailed data comparison of detection results for VisDrone and NWPU VHR-10 datasets.

5. Conclusion 731

This article proposes an innovative small object detection model SO-RTDETR to 732

address key issues in small object detection. This model combines the S2-CCFF module, 733

PPA module, and NWD loss function, significantly improving the performance of small 734

object detection. The main advantages of SO-RTDETR are reflected in the following 735

aspects. Firstly, the S2-CCFF module enriches the information representation of small 736

targets by adding S2 layers for cross-scale feature fusion, while using SPDConv to reduce 737

computational complexity and preserve key details, successfully improving the accuracy 738

and efficiency of detection. Secondly, the PPA module enhances the feature representation 739
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of small targets in the Backbone network through hierarchical feature fusion and attention 740

mechanism, ensuring that key information is not lost during multiple downsampling 741

processes, thereby improving detection performance. In addition, the introduced NWD 742

loss function improves the tolerance of the model to boundary box disturbances by better 743

measuring the relative position and shape differences of the boundary boxes, further 744

enhancing the robustness of the model. 745

Although SO-RTDETR has achieved significant performance improvements in small 746

object detection tasks, there are still some issues that require further research and opti- 747

mization. Firstly, when dealing with extremely complex backgrounds or severe occlusions, 748

although the model suppresses some noise, there is still a possibility of false positives 749

or false negatives. Secondly, although SPDConv reduces computational complexity, the 750

model still faces significant computational resource requirements when processing high- 751

resolution images. Future research directions can focus on the following aspects: firstly, 752

further optimizing feature fusion strategies and exploring more effective multi-scale feature 753

extraction methods to improve adaptability to complex scenes; Secondly, by combining 754

lightweight network structures, the computational overhead of the model can be reduced, 755

making it more suitable for practical deployment; The third is to introduce more contextual 756

and semantic information to enhance the model’s ability to detect small targets in com- 757

plex backgrounds. Through these improvements, SO-RTDETR is expected to demonstrate 758

higher efficiency and wider applicability in practical applications. 759
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