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Highlights


What are the main findings?




	
An innovative Contextual-Semantic Interactive Perception Network (CSIPN) is proposed to address the challenges in small object detection, significantly improving small object detection performance in complex background through scene interaction modeling, dynamic context modeling, and semantic-context dynamic fusion.



	
Three core modules are designed: the Scene Interaction Modeling Module (SIMM), the Dynamic Context Modeling Module (DCMM), and the Semantic Context Dynamic Fusion Module (SCDFM). These modules optimize the modeling of the relationship between small objects and the background, the adaptive modeling of contextual information, and the dynamic fusion of deep and shallow features, respectively.








What is the implication of the main finding?




	
The Scene Interaction Modeling Module (SIMM) breaks through the limitations of traditional multi-scale feature fusion methods by explicitly modeling the implicit relationships between small objects and background under global semantic guidance. This significantly enhances the detection accuracy and robustness of small objects in complex background, providing a novel approach to small object detection.



	
The Dynamic Context Modeling Module (DCMM) overcomes the limitations of fixed receptive field designs by flexibly adjusting receptive fields and dynamically generating weights. This allows the network to flexibly select contextual information for different small objects, effectively improving detection recall and preventing missed detections. This innovative design greatly enhances the model’s adaptability and generalization in complex scenarios captured by unmanned aerial vehicles (UAVs).









Abstract


Unmanned Aerial Vehicle (UAV)-based aerial object detection has been widely applied in various fields, including logistics, public security, disaster response, and smart agriculture. However, numerous small objects in UAV aerial images are often overwhelmed by large-scale complex backgrounds, making their appearance difficult to distinguish and thereby prone to being missed by detectors. To tackle these issues, we propose a novel Contextual-Semantic Interactive Perception Network (CSIPN) for small object detection in UAV aerial scenarios, which enhances detection performance through scene interaction modeling, dynamic context modeling, and dynamic feature fusion. The core components of the CSIPN include the Scene Interaction Modeling Module (SIMM), the Dynamic Context Modeling Module (DCMM), and the Semantic-Context Dynamic Fusion Module (SCDFM). Specifically, the SIMM introduces a lightweight self-attention mechanism to generate a global scene semantic embedding vector, which then interacts with shallow spatial descriptors to explicitly depict the latent relationships between small objects and complex background, thereby selectively activating key spatial responses. The DCMM employs two dynamically adjustable receptive-field branches to adaptively model contextual cues and effectively supplement the contextual information required for detecting various small objects. The SCDFM utilizes a dual-weighting strategy to dynamically fuse deep semantic information with shallow contextual details, highlighting features relevant to small object detection while suppressing irrelevant background. Our method achieves mAPs of 37.2%, 93.4%, 50.8%, and 48.3% on the TinyPerson dataset, the WAID dataset, the VisDrone-DET dataset, and our self-built WildDrone dataset, respectively, while using only 25.3M parameters, surpassing existing state-of-the-art detectors and demonstrating its superiority and robustness.
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1. Introduction


In recent years, the progressive maturation of precision sensors, advanced batteries, autonomous navigation systems, and computer vision technologies has enabled UAVs to achieve widespread adoption across a diverse range of application scenarios, including geospatial mapping [1], parcel delivery [2], public security patrols [3], emergency response [4], and agricultural monitoring [5]. Owing to their low deployment cost, broad observational coverage, and agile task scheduling, UAVs have demonstrated significant practical value in reducing manpower demands, accelerating operational workflows, and enhancing task safety. However, small object detection, which plays a vital role in advancing UAV intelligence, is still at a relatively immature stage [6,7]. This technical lag has led to unsatisfactory detection accuracy in complex UAV aerial scenarios, thereby posing a major constraint on the further adoption and evolution of UAVs in various industries. Although the advent of deep neural networks, particularly convolutional architectures, has markedly advanced object detection capabilities [8,9,10,11], existing algorithms still fail to meet the precision and robustness demands of UAV applications. The main challenges are as follows. First, UAV imagery often contains numerous small objects with subtle visual cues, making it difficult for conventional detection frameworks to extract sufficiently discriminative features, which in turn degrades detection accuracy. Second, the wide coverage and dynamic viewpoints inherent to aerial imagery introduce complex terrain textures and varying lighting conditions, both of which can significantly hinder the detection process and compromise the reliability of the results.



To address the above challenges, researchers have conducted extensive studies on enhancing the representation of small objects, among which multi-scale feature fusion has become a widely adopted approach for improving detection performance [12,13]. Although existing multi-scale fusion methods enhance small object detection by aggregating semantic and spatial information across different feature levels [14,15], they still suffer from several limitations. These methods typically rely on direct concatenation or a simple weighted summation of multi-scale feature maps. While such operations help alleviate the problem of insufficient feature expression, they lack explicit modeling of global semantic context, making it difficult to capture the implicit relationships between small objects and their surrounding environments. As a result, these methods are often inadequate in characterizing object–scene interactions, which compromises detection accuracy and robustness. In contrast, the proposed Scene Interaction Modeling Module (SIMM) introduces a simplified self-attention mechanism over deep features to generate compact scene embeddings, which are then combined with spatial descriptors obtained via the channel-wise pooling of shallow features. By performing interactive modeling between these two components, the SIMM explicitly incorporates scene-level priors into the fusion process. This enables the network to focus on the global contextual relationships between small objects and the scene, guiding the selective enhancement or suppression of shallow spatial responses under semantic supervision. Consequently, the SIMM significantly improves the representational distinctiveness and discriminative power of small object features, achieving more accurate localization and more reliable cross-scale alignment, particularly in complex background conditions.



Studies have shown that the contextual information surrounding small objects can provide valuable cues for object detection, and effectively leveraging this information helps improve detection performance [16,17]. Existing contextual information-based methods typically introduce fixed receptive fields to capture local or global context [18,19,20]. However, this fixed design has notable limitations: it fails to accommodate the varying contextual needs of small objects with different characteristics, and it may also introduce redundant background information that weakens the discriminability of object features. This issue is particularly pronounced in UAV aerial imagery, where small objects vary significantly in categories, textures, and fine-grained details. To address this problem, we propose the Dynamic Context Modeling Module (DCMM), which constructs two receptive field branches and dynamically generates their weights based on the input features. By selectively combining the responses of these branches in the spatial dimension, the DCMM enables adaptive context modeling. This design breaks through the limitations of fixed receptive fields, allowing the network to flexibly adjust the contextual information needed for different small objects. As a result, it facilitates feature enhancement in an object-specific manner and effectively mitigates the problem of missed detections caused by the improper use of contextual information.



To comprehensively enhance the representation of small objects from the perspectives of scene understanding, context modeling, and semantic fusion, we propose a novel detector tailored for UAV aerial imagery, which is named the Context–Semantic Interaction Perception Network (CSIPN). This network comprises three key modules: the SIMM, the DCMM, and the Semantic-Context Dynamic Fusion Module (SCDFM). Specifically, in the scene interaction modeling stage, the SIMM constructs a simplified self-attention mechanism on deep features to generate compact scene embedding vectors while applying channel-wise pooling operations to shallow features to obtain spatial descriptors. These two representations are then jointly modeled to explicitly capture the semantic correlations between small objects and the global scene, enabling the selective enhancement or suppression of shallow spatial responses under the guidance of global semantic priors. This process improves the discriminability and saliency of small object representations. In the context modeling stage, the DCMM builds context modeling branches with diverse receptive fields and dynamically assigns weights based on input features, enabling the selective integration and enhancement of contextual information. By overcoming the limitations of fixed receptive fields, the DCMM strengthens the network’s ability to adaptively capture the contextual cues needed by different small objects, thereby improving detection recall. In the semantic-context dynamic fusion stage, the SCDFM adaptively integrates the deep semantic features extracted from the backbone with the context-enhanced representations generated by the DCMM, supplementing and balancing semantic and contextual cues to facilitate comprehensive feature interactions and refine small object representations. Most existing UAV aerial datasets primarily focus on urban traffic scenarios, leading to deep learning-based methods that often suffer from poor generalization and limited robustness in real-world applications. To address this issue, we construct a new UAV-based object detection dataset named WildDrone, objecting diverse and unstructured wild environments, with the aim of enhancing model adaptability and practical performance in complex scenes. Comprehensive evaluations are performed on the VisDrone-DET [21], TinyPerson [22], WAID [23], and WildDrone datasets. Experimental results show that the CSIPN surpasses current state-of-the-art detectors in both detection accuracy and robustness.




	
A novel Context–Semantic Interaction Perception Network (CSIPN) is proposed, which integrates scene understanding, dynamic context modeling, and semantic fusion to effectively improve the detection performance of small objects in UAV aerial imagery.



	
A Scene Interaction Modeling Module (SIMM) is designed to explicitly capture the relationships between small objects and the global scene. Shallow spatial responses are guided to be selectively enhanced or suppressed under global semantic priors, thereby strengthening semantic perception and discriminative modeling in complex background.



	
A Dynamic Context modeling Module (DCMM) is presented, in which multi-receptive-field branches are employed with dynamically assigned weights. This enables the adaptive selection and integration of contextual information across different scales, facilitating the dynamic compensation of missing appearance cues for small objects and improving detection completeness and robustness.



	
A Semantic-Context Dynamic Fusion Module (SCDFM) is proposed, which adaptively integrates the deepest semantic information with the shallow contextual information, effectively leveraging their complementary relationship to enhance the representations of small objects.



	
To improve the generalization and practical applicability of detection models in complex environments, a new UAV-based dataset named WildDrone is constructed, which focuses on diverse and unstructured wild scenes.



	
Extensive experiments on UAV aerial datasets including VisDrone-DET, TinyPerson, WAID, and WildDrone validate the superior performance of the proposed method in small object detection tasks.









2. Related Work


Strategies for enhancing small object detection performance can be generally divided into three categories according to their primary enhancement mechanisms: multi-scale representation-based, context-based, and super-resolution (SR)-based methods. This categorization is consistent with previous studies [24,25,26,27] and reflects the main directions that current approaches take to address the challenges of small-scale objects.



2.1. Multi-Scale Representation-Based Methods


Multi-scale representation-based methods allow the network to leverage features at varying spatial resolutions. In these feature maps, deep features with low resolution are rich in semantic information, aiding in the classification of small objects, while shallow features with high resolution preserve more detailed spatial information, enhancing the accurate localization of small objects [28]. Lin et al. proposed the Feature Pyramid Network (FPN) [29], which merges low- and high-level features through a top–down connection path, thereby helping detect objects of different scales. Min et al. proposed an attentional FPN (AFPN) [30], which enhances small object detection capabilities by designing dynamic texture attention, foreground-aware co-attention, and detail context attention. Ge et al. introduced an adaptive reparameterized generalized FPN (Adaptive-RepGFPN) [31], which enhances the feature representation of small objects by reorganizing features and incorporating adaptive weighting in the concatenation operation. HR-FPN [26] boosts the accuracy of small object detection through the stepwise alignment and fusion of high-resolution features, all while preserving the network’s lightweight design. Kiobya et al. presented a multi-scale semantic enhanced FPN (MSSEFPN) [32], which extracts important detailed features from high-level prediction layers and adaptively fuses them into the lowest-level prediction layers, significantly enhancing the semantic representation of small objects.



Although these methods fully utilize multi-scale features to enrich semantic information, they neglect the thorough exploration of contextual information. For small objects with low resolution and missing detail information, the lack of necessary prior knowledge often leads to missed detections or misclassifications. In addition to multi-scale feature enhancement, recent studies have also begun to explore cross-modal feature fusion strategies to further improve detection robustness in complex scenarios. For example, Hu et al. proposed a complementarity-aware feature fusion detection network (CFFDNet) [33], which combines differential feature spatial-aware complementary units and gate-generated weighted fusion units to effectively enhance multimodal feature integration, providing a potential direction for improving feature representation in small object detection tasks.




2.2. Context-Based Methods


2.2.1. Conventional Methods


Context-based methods significantly improve the accuracy of small object detection by deeply exploring and effectively utilizing global or local context. The feature fusion and scaling-based single shot detector (FSSSD) [34] introduces spatial context analysis, which effectively integrates the spatial relationships between objects during the object re-identification process, optimizing small object detection in UAV aerial imagery. CAB Net [35] uses dilated convolutions to fuse multi-level contextual information, generating high-resolution feature maps rich in semantics, thereby further enhancing the detection capability of small objects. Shi et al. optimized multi-level feature expressions by merging contextual and semantic information [36], improving the localization and recognition of small objects in remote sensing images. Chen et al. proposed a hybrid receptive field network [18] that extends shallow features with different receptive fields and captures cross-layer contextual information, significantly improving the ability to perceive small objects. Yang et al. designed pinwheel-shaped convolution (PConv) [20], which adapts to the spatial distribution characteristics of infrared small objects, significantly expanding the receptive field with minimal additional parameters, thereby enhancing context modeling and improving the detection accuracy of small objects.




2.2.2. Self-Attention-Based Methods


Self-attention mechanisms can naturally capture long-range dependencies within feature maps, enabling the network to establish relationships between each spatial location and all others. This global modeling capability effectively encodes contextual relationships, thereby enhancing the network’s discriminative power for small objects. Consequently, self-attention-based methods inherently belong to the context-based detection paradigm, as they explicitly leverage contextual information to guide the detection process. ACmix [19] combines self-attention mechanisms with convolutional operations to effectively harness both global and local context, thus enhancing the feature representation of small objects. Hu et al. [37] proposed CM-YOLO, a remote sensing object detection framework for cloud and mist scenarios, which employs hierarchical selective attention alongside convolutional feature extraction to jointly mine global and local semantic context, effectively enhancing target features. MAFDet [38] introduces a multi-attention focusing sub-network that generates attention maps for the precise localization of densely distributed small objects, and a multi-scale Swin Transformer backbone that enhances multi-layer feature extraction while effectively suppressing background interference. STDet [39] constructs a local-global Transformer to establish associations between tokens and surrounding data while capturing long-range dependencies related to the objects. It further designs a scale-balanced label assignment strategy to dynamically adjust the learning focus toward easily overlooked small objects, thereby alleviating sample imbalance and enhancing small object detection.



In summary, although existing context-based methods significantly enhance small object detection performance, they still face inherent limitations. Due to the complexity of UAV aerial scenes, the variability of object types and scales, and the different contextual information required by different objects, the fixed receptive field limits the effective establishment of appropriate context relationships, making the effective utilization of contextual information difficult.





2.3. SR-Based Methods


SR-based methods enhance low-resolution images or regions of interest (RoIs) by converting them into high-resolution ones, thereby providing the network with more detailed feature representations of small objects. Hu et al. [40] successfully improved small object localization accuracy by applying bilinear interpolation to large input images. However, performing SR on the entire image is inefficient because background regions, which are unrelated to the detection task, are also processed, leading to a waste of computational resources. To address this issue, SOD-MTGAN [41] first uses a high-recall detector to extract RoIs and then performs SR processing only on these regions, significantly improving computational efficiency. Rabbi et al. proposed an edge-enhanced SR generative adversarial network (EESRGAN) [42], which combines ESRGAN, edge-enhancement network (EEN), and detection networks to improve remote sensing image quality and enhance small object detection performance. Bashir et al. proposed a detection framework based on residual feature aggregation-based SR [43], which integrates cyclic GANs and residual feature aggregation (RFA) technology to improve small object detection in satellite or aerial remote sensing images. Zhang et al. [44] enhanced the feature representation of small objects by introducing an auxiliary SR learning mechanism, allowing the network to maintain excellent detection performance even under low-resolution input conditions. Liu et al. [45] jointly trained the SR task with the object detection task to guide the backbone network to learn high-resolution features, significantly improving small object detection accuracy. Although SR-based methods effectively supplement the detailed information needed for small object detection, these methods still have limitations: during reconstruction, unreal features or artifacts may be introduced, causing the reconstructed region’s features to deviate from the real scene, which increases background noise interference and leads to false detections.





3. Methods


3.1. Overview of CSIPN


The overall architecture of the CSIPN is illustrated in Figure 1. The network consists of five stages: backbone feature extraction, scene interaction modeling, dynamic context modeling, semantic-context fusion, and prediction. In the backbone feature extraction stage, the network extracts fundamental features from the input image, generating multi-level feature representations for subsequent modeling. These features are denoted as    P i  ∈  R   C i  ×  H i  ×  W i    , i ∈  1 , 2 , 3 , 4   , where   C i  ,   H i  , and   W i   represent the number of channels, height, and width of the feature map at level i, respectively.



In the scene interaction modeling stage, the network employs the SIMM to establish the relationships between small objects and the global scene. This module leverages deep semantic cues to guide the spatial responses of shallow features, thereby achieving implicit semantic alignment and providing semantic priors for subsequent context modeling.



In the dynamic context modeling stage, the DCMM dynamically aggregates contextual information from multiple receptive field branches under the guidance of the semantic priors provided by the SIMM. Through multi-branch weighting and spatially selective fusion, the DCMM adaptively captures contextual dependencies suited to different objects, effectively enhancing the discriminative power of foreground features and alleviating missed detections in UAV aerial imagery.



In the semantic-context fusion stage, the SCDFM dynamically fuses the deep semantic features extracted by the backbone with the context-enhanced representations generated by the DCMM. This module adaptively selects and integrates complementary information from different features, ensuring that the fused representations are semantically consistent and mutually complementary.



Finally, in the prediction stage, the features produced by the DCMM and SCDFM are fed into the detection heads to generate the final detection results. Overall, the CSIPN establishes a progressive and collaborative feature modeling framework: the SIMM provides semantic guidance while achieving cross-scale fusion; under this guidance, the DCMM performs dynamic context modeling; and the SCDFM further builds a dynamic complementarity between semantics and context, thereby enhancing the overall discriminability and robustness for small object detection.




3.2. Scene Interaction Modeling Module (SIMM)


Different from conventional Transformer-based global attention mechanisms that rely on full self-attention computation, the SIMM introduces a lightweight and semantically guided interaction strategy that efficiently captures global contextual dependencies while selectively enhancing shallow spatial details, thereby improving the saliency and discriminability of small object representations. Specifically, the SIMM approximates global attention through a series of   1 × 1   convolutional and reshaping operations to generate a compact global scene embedding vector without computing the full   N × N   attention matrix, where N denotes the total number of pixels in the input feature map. This design significantly reduces computational complexity while maintaining the capability to capture long-range dependencies. More importantly, by integrating this global semantic prior with shallow spatial responses, the SIMM explicitly models the interaction between global semantics and fine-grained spatial information, which distinguishes it from existing global attention modules.



To further mitigate the semantic inconsistency between deep and shallow features during multi-scale fusion, the SIMM incorporates a guided interaction mechanism to achieve implicit semantic alignment. The scene embedding   E i   generated from deep features acts as a semantic prior to modulate the spatial responses   D i   of shallow features. This semantic guidance selectively enhances the spatial details associated with small objects while suppressing irrelevant background interference. As a result, the shallow spatial responses are filtered and refined under the guidance of global semantics, achieving alignment with the global scene information extracted from deep features. Consequently, the fused features across different scales preserve both spatial coherence and semantic consistency, leading to more robust and discriminative multi-scale representations that enhance small object detection performance. The detailed structure of this module is shown in Figure 2.



We first design a lightweight self-attention mechanism to perform global relation modeling on the deep feature   P i   that contains richer semantic information, aiming to capture long-range dependencies between pixels. Specifically, we approximate the similarity between the Query and Key matrices through convolution operations and feature dimension reshaping, which significantly reduces computational overhead while maintaining effective modeling capability. The detailed process is as follows:


   M i  = R  S   C  1 × 1     P i      



(1)




where    M i  ∈  R  1 ×  H i   W i  × 1     denotes the similarity matrix,   R ( · )   denotes the reshape operation,   S ( · )   denotes the Softmax function, and   C  n × n    denotes an   n × n   convolution layer with a SiLU activation function. The value matrix    V i  ∈  R  1 ×  C  i − 1   ×  H i   W i      is generated as follows:


   V i  = R   C  1 × 1     X i     



(2)







Subsequently, we integrate   M i   and   V i   to construct a one-dimensional scene embedding representation    E i  ∈  R   C  i − 1   × 1 × 1    , which captures the semantic correlation between foreground small objects and the scene, and it is expressed as follows:


   E i  =  M i  ⊙  V i   



(3)




where ⊙ denotes the function used to estimate the similarity between features. To accelerate computation, we efficiently implement this process using matrix multiplication.



To comprehensively capture the spatial fine-grained information of small objects, channel-wise max pooling and channel-wise average pooling are applied to the shallow feature   P  i − 1   , followed by a convolution layer that fuses these two types of spatial descriptors to obtain the spatial detail response    D i  ∈  R  1 ×  H  i − 1   ×  W  i − 1      :


   D i  =  C  1 × 1    Avg   P  i − 1    ; Max   P  i − 1      



(4)




where   [ ; ]   denotes channel-wise concatenation,   Avg ( · )   represents channel-wise average pooling, and   Max ( · )   indicates channel-wise max pooling.



To selectively enhance or suppress shallow spatial responses under the guidance of global semantic priors and thereby improve the saliency and discriminability of small objects, the one-dimensional scene embedding   E i   is applied to weight the spatial detail response   D i  . A residual structure is then applied to ensure training stability, resulting in the final scene interaction feature    X  i − 1   ∈  R   C  i − 1   ×  H  i − 1   ×  W  i − 1      , which is expressed as


   X  i − 1   =  P  i − 1   ⊕   E i  ⊗  D i    



(5)




where ⊕ denotes element-wise addition and ⊗ denotes broadcast element-wise multiplication.




3.3. Dynamic Context Modeling Module (DCMM)


Due to the lack of distinctive appearance features in small objects, utilizing contextual information can be beneficial for detection to a certain extent. However, the excessive supplementation of contextual information may introduce a significant amount of irrelevant background and noise, reducing the detector’s discriminative ability and increasing the false detection rate. Considering the diversity of object types and scales in UAV aerial images, the amount of contextual information required for detecting different objects also varies.



To address this, the DCMM is designed. It consists of two receptive field branches, whose weights (i.e., spatial selection masks) are dynamically determined based on the input. It is worth noting that the DCMM does not require any additional loss function to guide the learning of dynamic weights. Specifically, the dynamic weights depend both on the convolutional parameters learned during training and the characteristics of the input feature maps. The learned convolutional parameters define the rules for weight generation, while the input feature maps provide the information necessary to instantiate these rules. During training, the gradients from the detection loss are backpropagated through the DCMM, automatically optimizing the convolutional parameters that generate the spatial selection masks. During inference, these learned convolutional parameters interact with the input feature maps to dynamically generate the weights of the receptive field branches.



By selectively combining these receptive field branches in the spatial dimension, the DCMM overcomes the limitation of fixed receptive fields and enables the dynamic selection of contextual information tailored to different small objects. This allows the DCMM to adaptively supplement the contextual cues needed for detecting various small objects, enhancing distinct foreground features and effectively alleviating the issue of severe missed detections in UAV aerial imagery.



As shown in Figure 3, the input to the DCMM consists of   X 1  ,   X 2  , and   X 3  . First,   X 1   is upsampled by a factor of 4 and   X 2   is upsampled by a factor of 2. Then, the upsampled   X 1  , upsampled   X 2  , and   X 3   are concatenated along the channel dimension and passed through a   1 × 1   convolution layer to adjust the number of channels, resulting in    X c  ∈  R  C ×  H 1  ×  W 1     :


   X c  =   X 1     ↑  4 ×   ;  X 2  ↑   2 ×   ;  X 3    



(6)




where    ↑   n x    denotes n-times upsampling using the nearest-neighbor interpolation method.



Then, the fused feature   X c   passes through two receptive field branches, producing outputs    R 1  ∈  R  C ×  H 1  ×  W 1      and    R 2  ∈  R  C ×  H 1  ×  W 1     :


         R 1  =  C  3 × 3     X c   ⊕  C  3 × 3     C  1 × 1     C  3 × 3     X c               R 2  =  C  1 × 1     X c   ⊕  C  1 × 1     C  1 × 1     C  3 × 3     X c         



(7)




The outputs from the different receptive field ranches   R 1   and   R 2   are concatenated to form    R c  ∈  R  2 C ×  H 1  ×  W 1     :


   R c  =   R 1  ;  R 2    



(8)







Next, channel-wise max pooling and channel-wise average pooling are applied to   R c   to extract the spatial relationship:


      R  a v g   = Avg   R c          R  m a x   = Max   R c       



(9)




where    R  a v g   ∈  R  1 ×  H 1  ×  W 1      and    R  m a x   ∈  R  1 ×  H 1  ×  W 1      denote spatial feature descriptors obtained through max pooling and average pooling, respectively. To achieve information interaction between different spatial feature descriptors,   R  a v g    and   R  m a x    are concatenated and passed through a   1 × 1   convolution layer with a SiLU activation function, producing the spatial selection mask   S ∈  R  2 ×  H 1  ×  W 1     :


  S =   S 1  ;  S 2   =  C  1 × 1      R  a v g   ;  R  m a x      



(10)







The features from different receptive field branches are then weighted by their corresponding spatial selection masks and fused through a   1 × 1   convolution layer with a SiLU activation function to obtain the attention feature    R a  ∈  R  C ×  H 1  ×  W 1     :


   R a  =  C  1 × 1      R 1  ⊗  S 1   ⊕   R 2  ⊗  S 2     



(11)







Finally, the output   Y ∈  R  C ×  H 1  ×  W 1      of the DCMM is the element-wise product of   X c   and   R a  , which is expressed as shown below:


  Y =  X c  ⊗  R a   



(12)








3.4. Semantic-Context Dynamic Fusion Module (SCDFM)


Unlike the SIMM and DCMM, which focus on semantic-guided scene interaction and contextual modeling, respectively, the SCDFM serves as a complementary fusion module that dynamically supplements semantic cues beneficial for small-object classification. Rather than performing explicit geometric alignment, the SCDFM concentrates on ensuring semantic compatibility between the modulated contextual information from the DCMM and the deep semantic representations extracted from the backbone. To this end, the SCDFM adaptively adjusts the fusion ratios of multi-scale features through channel-wise and spatial-wise attention, which is guided by deep semantics. This design allows the network to reconcile high-level semantic information with shallow contextual cues, thereby enhancing the discriminability of small-object features.



As shown in Figure 4, to ensure dimensional compatibility with shallow features,   P 4   is upsampled by a factor of 8 and then passed through a   1 × 1   convolution layer to obtain   H ∈  R   C 4  ×  H 1  ×  W 1     :


  H =  C  1 × 1     P 4    ↑   8 ×     



(13)







To effectively extract key semantic information from deep features, global average pooling is applied to capture the overall distribution characteristics. The resulting tensor is then reshaped, which is followed by a one-dimensional convolution to perform nonlinear feature mapping. Finally, a Sigmoid activation function is used to generate the global channel descriptor    G c  ∈  R   C 4  × 1 × 1    :


   G c  = Sigmoid   C 3   R   A  global      P 4       



(14)




where   Sigmoid ( · )   denotes the Sigmoid activation function,   C 3   represents a one-dimensional convolution layer with a kernel size of 3, and   A  global     indicates global average pooling. Then,   G c   guides the selection of semantic information by performing a broadcast element-wise multiplication with H, resulting in the attention-enhanced feature   A ∈  R   C 4  ×  H 1  ×  W 1     :


  A =  G c  ⊗ H  



(15)







To establish a feature selection mechanism along the spatial dimension, it is necessary to model the spatial contextual relationships of Y. Specifically, average pooling and max pooling are applied along the channel dimension to capture different statistical characteristics. The resulting feature is then transformed by a   1 × 1   convolution layer and passed through a Sigmoid function to generate the global spatial attention map    G s  ∈  R  1 ×  H 1  ×  W 1     :


   G s  = Sigmoid   C  1 × 1    (  [ Avg  ( Y )  ; Max  ( Y )  ]  )    



(16)







Finally, the spatial descriptor   G s   is used to guide spatially selective feature fusion, thereby highlighting key regions of small objects and producing the optimized output feature   Z ∈  R   C 4  ×  H 1  ×  W 1     :


  Z =  G s  ⊗ A  



(17)









4. Results


This section begins with a comprehensive overview of the datasets and experimental setup. Subsequently, we evaluate the performance of each module through a series of ablation experiments. Finally, we test the performance of the CSIPN on multiple UAV aerial datasets and compare it with state-of-the-art methods.



4.1. Datasets


To highlight the advantages of our method in small object detection, we selected the VisDrone-DET dataset, the TinyPerson dataset, and our self-constructed WildDrone UAV aerial dataset for experimentation. Table 1 shows the distribution of different object sizes in these UAV aerial datasets compared to common datasets like Pascal VOC [46] and MS COCO [47]. The results indicate that the number of small objects in UAV aerial images is significantly higher than in traditional datasets, which undoubtedly presents a greater challenge for detectors.



4.1.1. VisDrone-DET


This dataset is specifically designed for UAV aerial imagery of urban scenes. The training set consists of 6471 images, the test set contains 1610 images, and the validation set includes 548 images, with a total of approximately 457,100 annotated bounding boxes. The objects in these images are categorized into 10 classes, including pedestrian, people, bicycle, car, van, truck, tricycle, awning-tricycle, bus, and motor.




4.1.2. TinyPerson


This dataset provides a benchmark for detecting tiny objects in long-range shots and complex backgrounds, consisting of 1610 UAV-captured images, with 794 images in the training set and 816 in the test set. The TinyPerson dataset contains 72,651 small person objects, which are each manually annotated and categorized into five classes: Ocean, Earth, Ignore, Uncertain, and Dense. During the experiments, we unified all annotated small person objects into the “Person” category for processing.




4.1.3. WAID


This is a large-scale UAV aerial dataset focused on wildlife detection. The training, validation, and test sets contain 10,056, 2873, and 1437 UAV aerial images, respectively, with 233,806 object bounding boxes in total. The dataset includes six wildlife categories: sheep, cattle, seal, camelus, kiang, and zebra. WAID covers diverse environmental conditions and multiple habitat types, making it suitable for developing and evaluating UAV-based wildlife detection algorithms.




4.1.4. WildDrone


Currently, the vast majority of UAV aerial datasets focus on relatively simple scenes (mostly urban environments), where the background surrounding small objects is usually limited to roads. This leads to deep learning-based detectors exhibiting poor robustness and generalization ability when faced with complex and dynamic backgrounds, thus limiting their range of applications. To overcome this limitation, we have developed a UAV perspective wild scene object detection dataset, named WildDrone, which covers a variety of natural terrains, including forests, plains, mountains, canyons, oceans, and snowfields. Small objects are often hidden in these complex backgrounds. The dataset contains 1950 images, with 1260 for training and 690 for testing. The WildDrone dataset includes approximately 23,567 annotated object instances, which are categorized into “person” and “vehicle” classes. Figure 5 shows some typical scenes from this dataset, highlighting its rich diversity and challenges.





4.2. Implementation Details


All training and testing of the models are conducted on a server equipped with a 24-core CPU, 64GB of RAM, and an RTX 4090 GPU. During training, we use the SGD optimization algorithm with a batch size of 4. Due to memory limitations, the batch size is reduced to 2 when training DINO [48]. The initial learning rate is set to 0.01, and dynamic adjustment is performed using cosine decay. We choose the convenient YOLOv11 [49] as the baseline. Since our method differs significantly from the baseline in structure, no pretrained weights are used. Our method follows the same loss design as the baseline, which includes classification, localization, and confidence losses. Specifically, we adopt the standard loss formulation used in YOLOv11 to ensure a fair comparison and a consistent optimization objective. During testing, the confidence threshold is set to 0.15, and the IoU threshold is set to 0.6. In the experiments on the WAID dataset, the resolution of the input images is set to   448 × 448  , while in the experiments on other datasets, it is uniformly set to   896 × 896  .




4.3. Evaluation Metrics


To evaluate the detection accuracy, we select average precision (AP) and mean average precision (mAP) as the evaluation metrics. For the single-class TinyPerson dataset, we use the AP metric for performance validation. For multi-class scenarios like the VisDrone2019-DET and WildDrone datasets, we use mAP for evaluation. Although the MS COCO [47] protocol typically uses AP values for areas smaller than   32 2   to reflect small object detection performance, this approach proves insufficient when handling UAV aerial datasets with a large number of tiny objects. Therefore, we introduce a more detailed metric system, which includes the following: APs1 (area <   20 2  ), APs2 (  20 2   < area <   24 2  ), APs3 (  24 2   < area <   28 2  ), APs4 (  28 2   < area <   32 2  ), APs (area <   32 2  ), and AP values for all objects. In the experiments on the VisDrone-DET and WildDrone datasets, the IoU threshold for mAP calculation is fixed at 0.5. For the TinyPerson dataset, the IoU threshold for AP calculation is set to 0.25. To avoid truncation in dense scenes, the maximum number of detections per image is limited to 1000.




4.4. Ablation Studies


To evaluate the detection performance of each module in CSIPN, we selected YOLOv11-L as the baseline and conducted ablation experiments on the single-category TinyPerson test set and the multi-category WAID test set. Table 2 and Table 3 present the results of the ablation study.



4.4.1. Effectiveness of SIMM


We introduce the SIMM into the backbone to achieve scene interaction modeling. As shown in rows 1 and 2 of Table 2, with the assistance of this module, the baseline achieves improvements of 8.9%, 7.8%, 6.3%, 3.5%, and 7.3% on APs1, APs2, APs3, APs4, and APs, respectively. Similarly, as shown in rows 1 and 2 of Table 3, the SIMM helps the baseline achieve improvements of 4.8%, 3.5%, 2.2%, 1.8%, and 3.9% on mAPs1, mAPs2, mAPs3, mAPs4, and mAPs, respectively, fully demonstrating the remarkable effectiveness of the SIMM in small object detection. In addition, the overall AP and mAP increase by 6.6% and 1.0% in Table 2 and Table 3, respectively, further validating its effectiveness in complex UAV aerial scenes. These results confirm that the SIMM can explicitly establish the relationship between small objects and the global scene, enhancing the shallow feature responses to key regions under semantic guidance, thereby significantly improving the detection accuracy for small objects.



Moreover, as the first module in the pipeline, the SIMM provides semantic priors that guide subsequent modules (DCMM and SCDFM). This highlights its foundational role in establishing meaningful scene interactions, which enables the later modules to exploit context and perform adaptive fusion more effectively, thus contributing to the overall synergistic improvement of the CSIPN.




4.4.2. Effectiveness of DCMM


We further introduce the DCMM into the network to enable context modeling. As shown in rows 2 and 3 of Table 2, with the aid of this module, the network achieves improvements of 2.6%, 4.5%, 4.7%, 2.3%, and 3.7% on APs1, APs2, APs3, APs4, and APs, respectively. Similarly, as shown in rows 2 and 3 of Table 3, with the assistance of this module, the network achieves improvements of 2.6%, 2.3%, 1.1%, 1.4%, and 2.2% on mAPs1, mAPs2, mAPs3, mAPs4, and mAPs, respectively. This indicates that the DCMM effectively enhances small object detection performance by adaptively integrating contextual information from different receptive fields to meet the varying perception needs of small objects across diverse backgrounds. Moreover, the DCMM further increases the overall AP and mAP by 2.2% and 0.7%, respectively, demonstrating its strong adaptability to diverse small-object scenarios and its contribution to enhancing the overall detection capability.



Importantly, the DCMM operates on the semantic priors generated by the SIMM, allowing it to dynamically focus on foreground-relevant context guided by scene semantics. This dependency illustrates a collaborative effect, where the context modeling performed by the DCMM is more effective when the preceding semantic guidance from the SIMM is available, reflecting the nonlinear synergistic interaction between these modules.



To investigate the effect of different input feature combinations in the DCMM, we conducted ablation studies under four schemes. Table 4 presents the detection performance of each scheme. As shown, Scheme 1 achieves the best mAPs, demonstrating that integrating multi-scale features into a single DCMM effectively captures complementary contextual information. Scheme 2 slightly outperforms Scheme 3 because combining low- and mid-level features provides richer spatial details critical for small object detection, whereas Scheme 3 relies more on mid- and high-level features, resulting in coarser spatial granularity. Scheme 4 exhibits the lowest performance due to fragmented context modeling, in which each DCMM independently processes only a single-scale feature map, resulting in incomplete contextual representation and suboptimal dynamic weight learning. These results validate our design choice illustrated in Figure 3, where   X 1  ,   X 2  , and   X 3   are fed into a single DCMM.




4.4.3. Effectiveness of SCDFM


The SCDFM is added on top of the SIMM and DCMM to evaluate its impact on detection performance. As shown in row 4 of Table 2, compared with row 3, the model achieves additional improvements of 2.1%, 2.4%, 1.8%, 2.0%, 2.2%, and 4.3% on APs1, APs2, APs3, APs4, APs, and AP, respectively. Similarly, as shown in row 4 of Table 3, compared with row 3, the model achieves additional improvements of 1.7%, 1.2%, 0.7%, 0.9%, 0.9%, and 0.4% on mAPs1, mAPs2, mAPs3, mAPs4, mAPs, and mAP, respectively. These results indicate that the SCDFM effectively integrates semantic and contextual information from preceding stages, leading to refined feature representations for small objects.



Notably, the SCDFM operates on the deepest layer from the backbone and the context-enhanced features generated by the DCMM. The SCDFM adaptively integrates the deep semantic and contextual information from the two sources, supplementing and balancing their information to facilitate comprehensive feature interactions.




4.4.4. Feature Map Visualization Analysis


To further verify the effectiveness of each module in enhancing feature representation, we visualize the feature activation maps generated by Grad-CAM, as illustrated in Figure 6.



The baseline exhibits sparse and scattered responses, focusing only on a few salient regions while missing many small-scale objects. After introducing the SIMM, the feature responses around the foreground are significantly enhanced, enabling the model to perceive the overall scene through semantic interaction modeling and expand the object search range. However, due to the absence of explicit local contextual constraints, residual activations can still be observed in some background regions. When the DCMM is integrated on top of the SIMM, the irrelevant responses in background areas are markedly suppressed, and the activations become more concentrated around the objects. This demonstrates that the DCMM effectively performs adaptive local context modeling, allowing the network to selectively strengthen foreground-relevant contextual cues while filtering redundant background information. With the inclusion of the SCDFM, the feature responses become more compact and discriminative, accurately focusing on the centers of small objects. This confirms that the SCDFM refines the fused semantic and contextual features from the preceding stages, thereby enhancing the localization precision of small objects.



Overall, the progressive improvements brought by the three modules intuitively verify the synergistic effect of the SIMM, DCMM, and SCDFM, which together construct context-aware and semantically enriched feature representations for small object detection.





4.5. Comparison with State-of-the-Art Methods


To verify the performance of the CSIPN, we conduct comparative experiments against state-of-the-art methods on three UAV aerial datasets. All hyperparameters of the CSIPN are configured according to Section 4.2, while the other models adopt their original settings.



4.5.1. Quantitative Results


Table 5 compares the detection accuracy of our CSIPN with several mainstream methods on the VisDrone-DET validation set. In particular, the CSIPN shows remarkable advantages in small object detection, ranking first on mAPs1, mAPs2, mAPs3, mAPs4, and mAPs. Specifically, the CSIPN outperforms DINO (which ranks second on these metrics) by 1.9%, 2.8%, 2.5%, and 2.6% on mAPs1, mAPs2, mAPs3, and mAPs respectively, and exceeds YOLOv9-C (which ranks second on mAPs4) by 2.3% on mAPs4. From the perspective of the overall mAP, the CSIPN ranks second and leads the third-place DINO by 3.4%. These results demonstrate that the CSIPN not only has excellent adaptability in small object detection but also maintains high overall detection performance. Meanwhile, the CSIPN also achieves impressive parameter efficiency with a model size smaller than most of the methods listed in the table.



To further demonstrate the superior performance of our method, we also conducted comparative experiments on our self-built WildDrone test set, and the results are shown in Table 6. This dataset contains more diverse complex backgrounds and a larger number of tiny objects, making the detection task more challenging. The CSIPN achieves the best performance across all evaluation metrics and consistently outperforms other state-of-the-art methods. In terms of small object detection metrics, the CSIPN surpasses the second-best method PConv by 1.8%, 1.2%, 2.1%, 1.5%, and 2.0% on mAPs1, mAPs2, mAPs3, mAPs4, and mAPs, respectively. Regarding the overall detection performance, the CSIPN ranks second with an mAP of 68.4%. These comparative results once again indicate that the CSIPN has a significant advantage in handling detection tasks involving small-sized objects.



In addition, we perform comparative analyses with several representative detectors whose core mechanism is based on the self-attention architecture, including RT-DETR, DAB-DETR, Deformable-DETR, and DINO. As shown in Table 5 and Table 6, our method achieves significantly higher accuracy in small object detection compared to these self-attention-based approaches. This demonstrates that beyond the global context modeling capability endowed by the SIMM, our method also benefits from the local context dynamic modeling capability introduced by the DCMM. These two complementary components enable our network to effectively capture both global dependencies and fine-grained local contextual cues, which is crucial for accurately detecting small and densely distributed objects. This advantage also explains why our model surpasses traditional self-attention-based detectors that primarily focus on global context modeling but are less effective in local context representation.



To further verify the feasibility of the CSIPN in practical applications, we evaluated its inference efficiency on a server equipped with an NVIDIA RTX 4090 GPU. Table 7 compares the small-object detection accuracy, number of parameters, giga floating-point operations (GFLOPs), and frames per second (FPS) of the CSIPN with several representative detectors. As shown, the CSIPN ranks second among all methods in computational complexity (167 GFLOPs) and parameter count (25.3M), demonstrating its carefully designed lightweight architecture. The inference speed of the CSIPN reaches 91 FPS, which is significantly faster than Transformer-based and two-stage detectors, and it is only slightly lower than YOLOv10-M. These results indicate that our method achieves an ideal balance between accuracy and efficiency: it attains the highest detection accuracy (50.8% mAPs) while maintaining a lightweight design and fast inference speed. Although the proposed method has not yet been deployed on UAV hardware with limited computational resources, the experimental results sufficiently demonstrate its potential for real-time deployment.




4.5.2. Qualitative Results


Figure 7 and Figure 8 present the qualitative results on the VisDrone-DET validation set and the WildDrone test set, respectively.



Several representative detection scenarios from the VisDrone-DET validation set are selected for visual comparison, as shown in Figure 7. As illustrated in regions #1 and #2, the baseline misses many small objects hidden in complex backgrounds, whereas the CSIPN successfully detects them despite strong background interference. This mainly benefits from the SIMM, which exploits interactive modeling between global semantic embeddings and shallow spatial descriptors to explicitly capture the latent relationships between small objects and backgrounds, thereby enhancing the network’s ability to distinguish small objects from cluttered environments. In regions #3 and #4, the CSIPN performs better than the baseline in handling densely distributed small objects, thanks to the DCMM, which adaptively models context relevant to small objects so that the network can dynamically supplement the required contextual cues for different objects and improve detection capability in crowded scenes. These results demonstrate that our model exhibits strong scene adaptability in UAV aerial scenarios with complex backgrounds and dense small object distributions.



We further conduct qualitative comparison experiments on the WildDrone test set with several representative methods, including the powerful one-stage small object detector FFCA-YOLO and the recently proposed PConv designed for small objects, as shown in Figure 8. In region #1, both FFCA-YOLO and PConv miss small objects hidden in complex backgrounds, whereas the CSIPN effectively detects such objects and shows a clear advantage over other SOTA detectors. In region #2, even under poor illumination conditions, the CSIPN still demonstrates superior performance compared with other methods, mainly because the SCDFM dynamically fuses deep semantic features and shallow contextual details, thereby enhancing the network’s scene adaptability. In region #3, FFCA-YOLO and PConv perform poorly in detecting densely distributed small objects, as they only expand the receptive fields to enhance feature representation but suffer from the limitation of fixed receptive fields, which makes them unsuitable for crowded scenes. Taken together across regions #1, #2, and #3, the CSIPN adapts well to complex backgrounds and densely distributed objects, achieving excellent performance when detecting densely distributed person and effectively alleviating the severe missed detection problem of small objects. These results fully demonstrate that the CSIPN possesses both scene-adaptive and context-adaptive modeling capabilities, enabling strong accuracy for small object detection.



To further verify the robustness and scene adaptability of the proposed method, we conducted additional experiments under three challenging UAV task scenarios: foggy, nighttime, and strong-light conditions. As shown in Figure 9, our method consistently maintains superior detection performance compared with the baseline. In the foggy scene (region #1), the proposed model effectively detects small objects obscured by fog, whereas the baseline misses these objects. In the nighttime and strong-light scenes (regions #2 and #3), our method achieves significantly better performance than the baseline, accurately detecting small objects under varying illumination conditions. These results demonstrate that the proposed CSIPN can adapt to multiple extreme scenarios and exhibits strong robustness across diverse environmental conditions.






5. Discussion


Small object detection in UAV aerial images faces multiple challenges, including complex backgrounds, weak appearance features, densely distributed objects, and unstable illumination conditions. The proposed CSIPN achieves outstanding performance across multiple datasets through scene interaction modeling, dynamic context modeling, and semantic-context dynamic fusion. This section discusses and analyzes the advantages and underlying mechanisms of the CSIPN under different challenging scenarios based on experimental results.



5.1. Complex Background Interference and Weak Appearance Features


In UAV aerial scenes, small objects are often submerged in complex backgrounds, with extremely limited appearance cues, making them easily overlooked or misclassified by detectors. To address this problem, the proposed SIMM employs a lightweight self-attention mechanism to generate global scene semantic embedding vectors, which are interactively modeled with shallow spatial descriptors. This explicitly characterizes the latent relationships between small objects and the scene, selectively enhancing information relevant to small object detection while suppressing redundant background responses. Visualization results on the VisDrone-DET validation set (Figure 7) demonstrate that even in the presence of strong background interference such as buildings and vegetation, the CSIPN can accurately detect extremely small pedestrians and vehicles within the complex background.




5.2. Densely Distributed Small Objects and Insufficient Contextual Information


In certain UAV aerial scenes, small objects are often densely distributed at a large scale, with each object occupying very few pixels, making it difficult for the network to gather sufficient discriminative cues from a single receptive field. To address this, the proposed DCMM utilizes two dynamically adjustable receptive field branches to adaptively model contextual information relevant to small objects and dynamically supplement the specific contextual cues required by different objects. This design not only improves detection performance in densely distributed object scenes but also enhances the network’s adaptability to different spatial layouts. Experimental results show that in densely distributed regions of the VisDrone-DET and WildDrone datasets (Figure 7 and Figure 8), the CSIPN achieves a significantly lower missed detection rate compared to methods such as FFCA-YOLO and PConv, performing particularly well in detecting densely packed crowds at long distances.




5.3. Unstable Illumination and Scene Diversity


UAV aerial images are often affected by low illumination (e.g., captured at dusk or night), weather changes, and slight camera shake, all of which further weaken object features. During the semantic-context fusion stage, the SCDFM employs a dual weighting strategy in both channel and spatial dimensions to dynamically fuse deep semantic information with shallow contextual details. This not only preserves discriminative details but also enhances the global consistency of objects. The results on several challenging scenarios (Figure 9) show that the CSIPN surpasses other methods in both localization accuracy and stability, demonstrating strong robustness to interference and adaptability to diverse scenes.





6. Conclusions


To address the challenges of small object detection in UAV aerial scenarios, we propose a novel CSIPN, which significantly improves detection performance through scene interaction modeling, dynamic context modeling, and dynamic feature fusion. In the scene interaction modeling stage, the SIMM employs a lightweight self-attention mechanism to generate a global semantic embedding and interact with shallow spatial descriptors, thereby enabling object–scene semantic interaction and achieving cross-scale alignment during feature fusion. In the dynamic context modeling stage, the DCMM adaptively models contextual information through two dynamically weighted receptive field branches, effectively supplementing the contextual cues required for detecting different small objects. In the semantic-context fusion stage, the SCDFM uses a dual channel-spatial weighting strategy to adaptively fuse deep semantic information with shallow contextual details, further optimizing the feature representation of small objects. Experiments on the TinyPerson dataset, the WAID dataset, the VisDrone-DET dataset, and our self-built WildDrone dataset show that the CSIPN achieves mAPs of 37.2%, 93.4%, 50.8%, and 48.3%, respectively, significantly outperforming existing state-of-the-art methods with only 25.3M parameters. Moreover, the CSIPN exhibits excellent robustness in challenging scenarios such as complex background occlusions and dense small object distributions, demonstrating its superiority in real-world applications. In the future, we will explore more efficient context modeling and lightweight feature fusion strategies to better support real-time deployment on resource-constrained UAV platforms.
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Figure 1. Overall framework of SFFPNet. 
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Figure 2. Structure of SIMM. 
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Figure 3. Structure of DCMM. 






Figure 3. Structure of DCMM.



[image: Remotesensing 17 03581 g003]







[image: Remotesensing 17 03581 g004] 





Figure 4. Structure of SCDFM. 
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Figure 5. Visualization of diverse scenarios in WildDrone. 
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Figure 6. Feature map visualization of different module configurations. 
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Figure 7. Qualitative comparison of CSIPN and the baseline on the VisDrone-DET validation set. 
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Figure 8. Qualitative comparison of CSIPN and some state-of-the-art methods on the WildDrone test set. 
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Figure 9. Visualization of robustness verification under extreme UAV conditions. 
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Table 1. Comparison of the proportion of objects at different scales across multiple datasets. The images in WAID are resized to   448 × 448  , while those in other datasets are uniformly resized to   896 × 896  .
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	Datasets
	Type
	Small (%)
	Medium (%)
	Large (%)





	Pascal VOC
	General
	1.58
	14.76
	83.66



	MS COCO
	General
	15.79
	33.22
	50.98



	VisDrone-DET
	UAV
	74.36
	23.72
	1.92



	TinyPerson
	UAV
	97.05
	2.86
	0.09



	WAID
	UAV
	76.61
	22.75
	0.64



	WildDrone
	UAV
	75.30
	21.26
	3.44










 





Table 2. Results of the ablation studies on the TinyPerson test set. Bold font indicates the best result of one metric.
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Method

	
SIMM

	
DCMM

	
SCDFM

	
APs1

	
APs2

	
APs3

	
APs4

	
APs

	
AP






	
Baseline

	

	

	

	
19.0

	
40.4

	
45.6

	
52.1

	
24.0

	
28.1




	
✓

	

	

	
27.9

	
48.2

	
51.9

	
55.6

	
31.3

	
34.7




	
✓

	
✓

	

	
30.5

	
52.7

	
56.6

	
57.9

	
35.0

	
36.9




	
✓

	
✓

	
✓

	
32.6

	
55.1

	
58.4

	
59.9

	
37.2

	
41.2











 





Table 3. Results of the ablation studies on the WAID test set. Bold font indicates the best result of one metric.
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Method

	
SIMM

	
DCMM

	
SCDFM

	
mAPs1

	
mAPs2

	
mAPs3

	
mAPs4

	
mAPs

	
mAP






	
Baseline

	

	

	

	
68.4

	
83.2

	
90.9

	
92.6

	
86.4

	
94.6




	
✓

	

	

	
73.2

	
86.7

	
93.1

	
94.4

	
90.3

	
95.6




	
✓

	
✓

	

	
75.8

	
89.0

	
94.2

	
95.8

	
92.5

	
96.3




	
✓

	
✓

	
✓

	
77.5

	
90.2

	
94.9

	
96.7

	
93.4

	
96.7











 





Table 4. Detection performance of DCMM with different input feature combinations. Bold font indicates the best result for each metric.
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	Scheme
	Methods
	mAPs1
	mAPs2
	mAPs3
	mAPs4
	mAPs





	1
	  X 1  ,   X 2  ,    X 3  → one  DCMM  
	30.5
	52.7
	56.6
	57.9
	35.0



	2
	  X 1  ,    X 2  →  DCMM 1   ;    X 3  →  DCMM 2   
	30.1
	52.2
	56.1
	57.5
	34.5



	3
	  X 2  ,    X 3  →  DCMM 1   ;    X 1  →  DCMM 2   
	29.7
	51.7
	55.9
	57.3
	34.2



	4
	  X 1  ,   X 2  ,    X 3  → separate  DCMMs  
	29.3
	51.1
	55.2
	57.0
	33.7










 





Table 5. Comparison results of detection accuracy between the proposed method and several state-of-the-art methods on the VisDrone validation set. Bold font indicates the best result of one metric.






Table 5. Comparison results of detection accuracy between the proposed method and several state-of-the-art methods on the VisDrone validation set. Bold font indicates the best result of one metric.





	Method
	Backbone
	mAPs1
	mAPs2
	mAPs3
	mAPs4
	mAPs
	mAP
	Params





	RT-DETR [50]
	ResNet-50
	12.6
	22.4
	26.0
	27.6
	16.6
	25.1
	61.8M



	DAB-DETR [51]
	ResNet-50
	10.7
	22.3
	23.2
	32.0
	17.0
	28.0
	43.7M



	FCOS [11]
	HRNetV2p-W32
	17.7
	28.8
	30.9
	41.2
	24.7
	34.7
	37.1M



	LDConv [52]
	C3Net
	23.4
	29.7
	24.1
	29.8
	25.9
	33.9
	1.6M



	Deformable-DETR [53]
	ResNet-50
	21.5
	32.8
	36.6
	42.6
	28.1
	36.9
	40.8M



	GFL [54]
	ResNeXt-101
	21.3
	35.7
	37.2
	43.5
	28.8
	39.3
	50.9M



	ATSS [55]
	ResNet-101
	20.8
	39.7
	37.5
	46.1
	29.6
	40.9
	51.1M



	DDOD [56]
	ResNet-50
	25.4
	40.7
	43.6
	46.3
	32.7
	42.8
	32.2M



	GRoIE [57]
	ResNet-50
	25.9
	43.4
	48.2
	52.8
	34.5
	45.1
	43.3M



	Double Heads [10]
	ResNet-50
	26.3
	42.8
	48.8
	52.6
	34.9
	46.2
	47.3M



	PISA [58]
	ResNeXt-101
	26.7
	44.2
	47.7
	55.9
	35.7
	47.0
	60.0M



	Cascade R-CNN [59]
	HRNetV2p-W32
	29.0
	49.0
	52.2
	57.5
	38.7
	48.9
	74.7M



	Faster R-CNN [9]
	HRNetV2p-W40
	29.8
	48.6
	53.2
	57.2
	39.0
	49.7
	63.2M



	VarifocalNet [60]
	ResNet-101
	31.6
	46.9
	49.5
	54.4
	39.4
	48.9
	51.7M



	PConv [20]
	C2fNet
	34.1
	47.9
	50.5
	54.5
	40.7
	48.7
	3.0M



	YOLOv10-M [61]
	C2fNet
	32.4
	48.9
	54.0
	59.9
	41.5
	51.4
	16.5M



	EFC [62]
	ResNet-18
	35.0
	49.7
	50.8
	58.8
	42.6
	51.1
	40.0M



	FFCA-YOLO [63]
	C3Net
	35.8
	50.8
	49.7
	57.6
	42.8
	50.7
	7.2M



	YOLOv9-C [64]
	GELAN
	34.7
	51.7
	56.4
	61.3
	43.6
	53.1
	51.0M



	Oriented-RCNN [65]
	LEGNet-S [66]
	37.0
	52.8
	56.7
	59.9
	45.2
	59.9
	29.8M



	CentripetalNet [67]
	HourglassNet-104
	41.0
	53.7
	53.8
	59.2
	47.3
	53.2
	206.0M



	DINO [48]
	Swin-L
	41.5
	56.4
	57.0
	60.5
	48.2
	57.1
	218.6M



	CSIPN
	C3Net
	43.4
	59.2
	59.5
	63.6
	50.8
	58.5
	25.3M










 





Table 6. Comparison results of detection accuracy between the proposed method and several state-of-the-art methods on the WildDrone test set. Bold font indicates the best result of one metric.
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	Method
	Backbone
	mAPs1
	mAPs2
	mAPs3
	mAPs4
	mAPs
	mAP
	Params





	DAB-DETR [51]
	ResNet-50
	6.3
	14.0
	23.6
	34.9
	16.3
	33.2
	43.7M



	FCOS [11]
	HRNetV2p-W32
	10.4
	18.1
	31.5
	45.0
	23.6
	41.2
	37.1M



	LDConv [52]
	C3Net
	13.7
	18.6
	24.5
	32.5
	24.8
	40.2
	1.6M



	Deformable-DETR [53]
	ResNet-50
	12.6
	20.6
	37.3
	46.5
	26.9
	43.8
	40.8M



	GFL [54]
	ResNeXt-101
	12.5
	22.4
	37.9
	47.5
	27.5
	46.6
	50.9M



	ATSS [55]
	ResNet-101
	12.2
	24.9
	38.2
	50.3
	28.3
	48.5
	51.1M



	DDOD [56]
	ResNet-50
	14.9
	25.5
	44.4
	50.6
	31.3
	50.8
	32.2M



	GRoIE [57]
	ResNet-50
	15.2
	27.2
	49.1
	57.7
	33.1
	53.5
	43.3M



	Double Heads [10]
	ResNet-50
	15.4
	26.8
	49.7
	57.4
	33.4
	54.8
	47.3M



	PISA [58]
	ResNeXt-101
	15.6
	27.7
	48.6
	61.7
	34.1
	55.8
	60.0M



	RT-DETR [50]
	ResNet-101
	15.1
	26.2
	48.1
	61.0
	35.4
	51.3
	61.8M



	Cascade R-CNN [59]
	HRNetV2p-W32
	17.0
	30.7
	53.1
	62.8
	37.0
	58.4
	74.7M



	Faster R-CNN [9]
	HRNetV2p-W40
	17.4
	30.5
	54.2
	62.5
	37.3
	59.3
	63.2M



	VarifocalNet [60]
	ResNet-101
	18.5
	29.4
	50.4
	59.4
	37.7
	58.0
	51.7M



	YOLOv10-M [61]
	C2fNet
	19.3
	30.7
	55.0
	65.4
	39.7
	61.7
	16.5M



	EFC [62]
	ResNet-18
	20.5
	31.2
	51.7
	64.2
	40.7
	60.7
	40.0M



	YOLOv9-C [64]
	GELAN
	20.3
	32.4
	57.4
	66.9
	41.7
	63.9
	51.0M



	Oriented-RCNN [65]
	LEGNet-S [66]
	21.6
	33.1
	57.7
	65.4
	43.2
	68.5
	29.8M



	FFCA-YOLO [63]
	C3Net
	23.8
	32.1
	58.9
	66.7
	44.6
	66.8
	7.2M



	CentripetalNet [67]
	HourglassNet-104
	24.0
	33.7
	54.8
	64.6
	45.2
	63.1
	206.0M



	DINO [48]
	Swin-L
	24.3
	35.4
	58.6
	66.1
	46.1
	67.8
	218.6M



	PConv [20]
	C2fNet
	24.4
	36.6
	60.5
	69.4
	46.3
	67.7
	3.0M



	CSIPN
	C3Net
	26.2
	37.8
	62.6
	70.9
	48.3
	68.4
	25.3M










 





Table 7. Comparison of inference efficiency of CSIPN and several representative methods on the VisDrone validation set. Bold font indicates the best result for each metric.
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	Method
	Backbone
	mAPs
	Params
	GFLOPs
	FPS





	RT-DETR
	ResNet-50
	16.6
	61.8M
	186
	44



	Deformable-DETR
	ResNet-50
	28.1
	40.8M
	154
	23



	GRoIE
	ResNet-50
	34.5
	43.3M
	494
	19



	Cascade R-CNN
	HRNetV2p-W32
	38.7
	74.7M
	254
	22



	Faster R-CNN
	HRNetV2p-W40
	39.0
	63.2M
	288
	20



	YOLOv10-M
	C2fNet
	41.5
	16.5M
	170
	105



	CentripetalNet
	HourglassNet-104
	47.3
	206.0M
	2500
	8



	DINO
	Swin-L
	48.2
	218.6M
	-
	12



	CSIPN
	C3Net
	50.8
	25.3M
	167
	91
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