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Abstract


With special consideration for complex scenes and densely distributed small objects, this frequently leads to serious false and missed detections for unmanned aerial vehicle (UAV) images in small object detection scenarios. Consequently, we propose a UAV image small object detection algorithm, termed SMA-YOLO. Firstly, a parameter-free simple slicing convolution (SSC) module is integrated in the backbone network to slice the feature maps and enhance the features so as to effectively retain the features of small objects. Subsequently, to enhance the information exchange between upper and lower layers, we design a special multi-cross-scale feature pyramid network (M-FPN). The C2f-Hierarchical-Phantom Convolution (C2f-HPC) module in the network effectively reduces information loss by fine-grained multi-scale feature fusion. Ultimately, adaptive spatial feature fusion detection Head (ASFFDHead) introduces an additional P2 detection head to enhance the resolution of feature maps to better locate small objects. Moreover, the ASFF mechanism is employed to optimize the detection process by filtering out information conflicts during multi-scale feature fusion, thereby significantly optimizing small object detection capability. Using YOLOv8n as the baseline, SMA-YOLO is evaluated on the VisDrone2019 dataset, achieving a 7.4% improvement in mAP@0.5 and a 13.3% reduction in model parameters, and we also verified its generalization ability on VAUDT and RSOD datasets, which demonstrates the effectiveness of our approach.
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1. Introduction


In recent years, more and more fields, including agriculture [1], transportation [2], and industry [3], are now utilizing unmanned aerial vehicle (UAV) detection technology [4,5,6]. However, due to the high-altitude and oblique-view imaging characteristics of UAVs, ground objects often appear extremely small, making them difficult for detection algorithms to accurately identify. Furthermore, as illustrated in Figure 1, factors such as complex backgrounds, dense small objects, blurriness, and night situations further exacerbate the challenges of accurate small object detection.



Progress in deep learning has catalyzed significant innovations in object detection methodologies [7] across computer vision applications. Currently, there are two mainstream categories of detection methodologies: two-stage and single-stage approaches. Representative two-stage detection methodologies, including Faster RCNN [8], Cascade RCNN [9], and Mask RCNN [10], are recognized for their high detection accuracy but often suffer from slower processing speeds. In contrast, SSD [11] pioneered single-stage detection, and then came methodologies like RetinaNet [12] and YOLO [13]. In addition to these two detection algorithms, there exists another category of vision transformers, including DETR [14] and Swin Transformer [15], which process images by dividing them into sequential patches and applying self-attention mechanisms for object detection. While vision transformers can simplify the overall architecture, their high computational demands make them unsuitable for deployment on resource-constrained UAV devices. Single-stage detectors offer a better trade-off between accuracy and efficiency, making them more suitable for integration with UAV platforms.



Although YOLOv8 [16] demonstrates strong performance in general object detection tasks, its capability to detect small objects remains limited, particularly in UAV images, where small objects are prevalent and frequently obscured by complex backgrounds. Therefore, enhancing YOLOv8’s small object detection capability in UAV images presents dual significance: advancing computer vision theory while addressing critical needs in aerial surveillance applications. In this context, this paper proposes SMA-YOLO, a YOLOv8-based algorithm designed for small object detection in UAV images, evaluated on the VisDrone2019 [17] dataset. In this paper, the primary innovations are as follows:




	
We propose a parameter-free simple slicing convolution (SSC) to take the place of standard convolutions in the backbone network. By strategically partitioning feature maps and incorporating SimAM [18] attention, this module effectively preserves and enhances the discriminative features of small objects.



	
A multi-cross-scale feature pyramid network (M-FPN) is designed to optimize feature fusion in the neck network. Through its unique multi-level and cross-scale connections combined with the C2f-HPC module, our approach achieves fine-grained multi-scale feature integration, significantly reducing information loss for small objects in complex scenarios.



	
We develop an adaptive spatial feature fusion detection head (ASFFDHead) featuring an additional P2 detection head for small objects specifically. By implementing the ASFF [19] mechanism to resolve feature conflicts during multi-scale fusion, the proposed structure substantially improves detection accuracy for small objects.









2. Materials


2.1. YOLOv8


As illustrated in Figure 2, the YOLOv8 architecture comprises three key components: backbone, neck, and head. The backbone network employs an improved C2f module to replace the conventional Cross Stage Partial (CSP) structure, where each residual bottleneck integrates dual convolutional layers for enhanced contextual information flow. Notably, the more efficient Spatial Pyramid Pooling-Fast (SPPF) variant is developed as an upgrade to the traditional SPP [20], achieving superior feature representation through sequential pooling operations. For bounding box regression, YOLOv8 incorporates Complete IoU (CIoU) [21] loss to better handle geometric relationships and aspect ratio variations. For feature fusion, YOLOv8 adopts a Path Aggregation Network (PANet) [22]-based neck structure that systematically combines hierarchical features through bidirectional cross-scale connections. Integrating both spatial details at low levels and semantic information at high levels across different scales, this design demonstrates effective feature fusion. The detection head further implements Distribution Focal Loss (DFL) [23], modeling bounding box coordinates as probability distributions to enhance localization precision for small objects. The detection head maintains the efficiency advantages of single-stage detectors while optimizing the anchor-based mechanism. By strategically balancing between structural simplicity and detection accuracy, YOLOv8 avoids the computational overhead typically associated with conventional anchor methods without compromising performance. This combination of CIoU and DFL addresses both large-scale geometric alignment and fine-grained localization accuracy.




2.2. UAV Images Small Object Detection


Small object detection [24,25] in UAV images has emerged as a critical research challenge in computer vision. Recent advances have primarily focused on architectural modifications and optimization strategies, each presenting unique advantages and limitations.



Zhang et al. [26] proposed a joint optimization framework incorporating model fusion, cascade networks, and deformable convolutions, which achieved state-of-the-art performance on VisDrone2019. However, the integration of multiple complex mechanisms significantly increased computational overhead, reducing practical deployment efficiency. Similarly, LAR-YOLOv8 [27] enhanced feature representation through dual-branch attention and vision transformer blocks, but its sophisticated architecture resulted in notable inference latency.



In the domain of detection head optimization, DarkNet-RI [28] introduced a classification-based localization approach with refined NMS [29] processing. While effective for isolated objects, its performance degraded severely in high-occlusion scenarios. Xu et al.’s DotD [30] metric addressed IoU sensitivity for small objects through normalized centroid distance, yet the additional geometric computations increased processing time.



Anchor-based improvements have shown particular promise, as demonstrated by Zhan et al. [31], who redesigned anchor sizes and adopted GIoU [32] in YOLOv5, achieving mAP improvement. Nevertheless, their fixed anchor strategy struggled with extreme scale variations common in UAV imagery. TPH-YOLOv5 [33] overcame this limitation through transformer prediction heads but required more training data to achieve stable convergence.



Shallow feature utilization remains a critical challenge. DS-YOLOv7 [34] employed SFN technology and LDSPP modules to enhance edge information, yet its multi-branch design increased parameters. IMCMD_YOLOv8_small [35] took an alternative approach by removing P5 layers and focusing on shallow feature fusion, but this came at the cost of completely losing large-object detection capability.





3. Methods


Small object detection in UAV images presents unique challenges due to the inherent limitations of limited pixel representation and complex environmental interference, which significantly degrade YOLOv8’s feature representation capacity. To address the above issues, we propose SMA-YOLO, an enhanced architecture that systematically improves small object detection through three integrated innovations. As shown in Figure 3, our framework first introduces a Simple Slicing Convolution (SSC) module to replace standard backbone convolutions, leveraging feature map partitioning and SimAM attention mechanisms to amplify fine-grained details of small objects. The multi-cross-scale feature pyramid network (M-FPN) is then optimized with cross-scale fusion pathways and a novel C2f-HPC module, creating more discriminative feature representations that preserve critical small object information across different scales. Finally, the architecture incorporates an Adaptive Spatial Feature Fusion Detection Head (ASFFDHead) with a dedicated P2 detection branch, where the ASFF mechanism dynamically balances multi-scale feature contributions to effectively filter conflicting information from multi-scale feature fusion. The comprehensive method maintains a certain processing speed while significantly enhancing its small object detection capability through coordinated improvements across all network components.



3.1. Simple Slicing Convolution


The performance degradation of conventional CNNs in small object detection primarily stems from inadequate feature extraction architectures and progressive information loss during hierarchical processing. As illustrated in Figure 4, our Simple Slicing Convolution (SSC) module addresses these limitations through a multi-stage processing pipeline. The input feature map first undergoes symmetric partitioning into four sub-regions via strided convolution with batch normalization and SILU activation. Each partition then enters parallel enhancement blocks containing SimAM-augmented residual units and transition layers with feature division operations, where binary activations introduce controlled sparsity to preserve critical high-frequency details.



The three-dimensional attention mechanism depicted in Figure 5c fundamentally differs from conventional 1D channel-wise or 2D spatial attention approaches. By simultaneously modeling channel–height–width relationships through sequential feature generation, cross-dimensional fusion, and hierarchical expansion, SimAM generates more discriminative 3D weights that intrinsically amplify small object features. This process automatically assigns stronger weights to smaller objects whose features exhibit greater deviation from mean activation values, while larger objects with prominent textures receive proportionally less enhancement due to their inherent detectability.



The SSC module offers the dual advantages of resolution preservation and adaptive feature enhancement without introducing any additional parameters. Although SimAM is referred to as a “parameter-free” attention mechanism, this term specifically refers to the absence of trainable parameters such as weights or biases during learning. Internally, SimAM does include lightweight operations, but these are fixed mathematical operations and do not involve any learnable parameters. The principle of the SimAM module comes from the spatial suppression phenomenon [36]. It posits that neurons exhibiting firing patterns distinct from their surroundings carry more critical information. SimAM defines an energy function   e t   for each neuron t, measuring its linear separability from other neurons within the same channel. Crucially, SimAM derives a fast closed-form solution for the minimum energy   e t ∗  ; the formula is as follows:


   e t ∗  =    4 (   σ ^  2  + λ )     ( t −  μ ^  )  2  + 2   σ ^  2  + 2 λ     



(1)







Here,   μ ^   and    σ ^  2   are the mean and variance computed over the entire channel of the input feature map, t is the activation value of the target neuron, and  λ  is a small, fixed hyperparameter (set to   10  − 4    in our experiments) for numerical stability. Notably, this solution relies solely on feature statistics and involves no learnable parameters. The importance weight for neuron t is given by   1 /  e t ∗   . Lower   e t ∗   indicates higher distinctiveness and importance. The final feature refinement is performed via element-wise multiplication with a sigmoid-gated version of the importance map; the formula is as follows:


   X ˜  = sigmoid    1 E    ⊙ X  



(2)




where E aggregates all   e t ∗   values. This operation selectively enhances informative neurons while suppressing less relevant ones, mimicking the gain effect of attention in biological vision.



The slicing operation maintains fine-grained spatial information that would otherwise be lost in standard convolution, while the 3D attention mechanism dynamically recalibrates features across all dimensions. The parameter-free nature of SimAM is a key advantage. While it incurs computational cost for calculating channel statistics (  μ ^  ,    σ ^  2  ) and applying Equations (1) and (2), it avoids the expensive parameterized operations. The enhanced features provide superior input for subsequent detection stages, particularly benefiting small objects in complex UAV scenarios where traditional methods often fail.




3.2. Multi-Cross-Scale Feature Pyramid Network


Effective multi-cross-scale feature fusion remains a fundamental challenge in UAV small object detection due to extreme scale variations and complex spatial distributions of objects. While YOLOv8’s PANet architecture improves upon traditional FPN [37] with its bidirectional connections, several critical limitations hinder optimal performance. The current architecture employs simple replication of reverse fusion paths, resulting in redundant parameters that fail to establish meaningful cross-scale interactions. Moreover, its fixed fusion strategy cannot adapt to the differential importance of hierarchical features, while the bottleneck structures lack sufficient capacity for preserving fine-grained details—a particularly severe drawback for small objects where spatial information is easily lost during downsampling operations.



As illustrated in Figure 6, our proposed M-FPN addresses these limitations through three architectural innovations. First, we introduce adaptive 3 × 3 convolutions at each network level, dynamically adjusting receptive fields to capture scale-specific features. Second, the topology optimizes information flow through selective cross-layer connections that prioritize semantically complementary feature combinations rather than simple path duplication. Third, the integration of the C2f-HPC modules enables granular multi-scale fusion.



C2f-Hierarchical-Phantom Convolution


The C2f module in YOLOv8 serves as a key feature extraction component. However, its fixed receptive field struggles to capture the extreme scale variations of UAV objects, and the bottleneck structure inadequately preserves fine-grained spatial information, thus reducing the detection accuracy. As shown in Figure 7, our C2f-HPC module overcomes these constraints through a Hierarchical-Phantom Convolution (HPC) [38] architecture that enables progressive multi-scale feature learning.



As shown in Figure 8, the HPC module adopts a simple and efficient multi-scale feature extraction strategy that incorporates channel attention learning, significantly enhancing multi-scale representation capabilities at finer granularities. Concerning the input feature vector, the Split operator divides features into s homogeneous subsets   F i   along the channel dimension, then each subset undergoes sequential 3 × 3 convolutions    T i   ( · )    in a residual hierarchy, where the i-th convolution operates on both the original subset and all previously refined features. This process is repeated, as formulated by the following equation:


    F ^  i  =       T i   (  F i  )  ,     i = 1        T i   (  F i  ⊕   F ^   i − 1   )  ,     1 < i ≤ s       



(3)




where ⊕ represents the summation operation, and finally obtains the entire enhanced multi-scale feature map through Concat concatenation, as follows:


   F ^  = Concat  (  [   F ^  1  ,   F ^  2  , … ,   F ^  s  ]  )   



(4)







Each set of Conv operators in this module can extract feature information from a subset of feature vectors, and with each convolution operation, the output result will have a larger receptive field, which is subsequently fused with the input of the next layer, and after continuous iterative multi-scale fusion, due to the combinatorial explosion effect, the output receptive field of the HPC module contains rich fine-grained information, which can capture more small objects in the scene feature details.





3.3. Adaptively Spatial Feature Fusion Detect Head


Single-stage detectors have shortcomings in handling scale variation due to the fundamental trade-off between resolution and semantic information across different feature levels. Shallow feature maps preserve fine spatial details essential for small object detection but lack semantic richness, while deeper features offer strong semantic representation at the cost of losing critical spatial information. This inconsistency leads to small object features being diluted or treated as background in deeper layers, conflicting information during multi-scale feature fusion, and suboptimal gradient propagation during training. As shown in Figure 9, we designed ASFFDHead to address these problems through an integrated architecture featuring a dedicated P2 detection head and an Adaptive Spatial Feature Fusion (ASFF) mechanism.



The extended detection scale introduces a high-resolution P2 head specifically designed for small objects while maintaining the original P3-P5 heads for comprehensive scale coverage. Each detection head follows an identical structure, ensuring consistent processing across scales. The core challenge addressed by ASFF is the inconsistency or conflict that arises during multi-scale feature fusion in the detection head. Features from different pyramid levels (P2–P5) possess varying resolutions and semantic strengths. Shallow features (P2) excel in spatial detail but lack semantic richness, while deep features (P5) are semantically strong but spatially coarse. Therefore, when only naively fused, features from one level might contradict those from another level at the same spatial location—especially when that location corresponds to a small object primarily detectable at a specific scale. For example, a high-activation pixel in a shallow feature map (P2) indicating a small object might spatially coincide with a low-activation (background) pixel in a deeper feature map (P5) at the same location after resizing. This conflict confuses the detector during training and inference. The ASFF mechanism resolves this by adaptively learning spatial weight maps that dynamically filter out conflicting information and emphasize consistent, discriminative clues from each level during fusion. Crucially, these weights are learned directly from the data through standard backpropagation, allowing the network to discover the optimal fusion strategy for suppressing inconsistency.



As shown in Figure 10, we demonstrate the operating principle of the ASFF mechanism. Features from all source levels   n ∈ ( P 2 ,  P 3 ,  P 4 ,  P 5 )   are first resized (via interpolation for upsampling or strided convolution or pooling for downsampling) to match the spatial dimensions of the target level l. Simultaneously, 1 × 1 Covs are applied to ensure all resized features have the same number of channels. Subsequently, ASFF began adaptive fusion, and the overall fusion process formula is as follows:


   y  i j  l  =  α  i j  l  ·  x  i j   n → l   +  β  i j  l  ·  x  i j   n → l   +  γ  i j  l  ·  x  i j   n → l   +  δ  i j  l  ·  x  i j   n → l    



(5)







Here,   x  i j   n → l    denotes the feature vector adjusted to the size of the l-th layer on the j-th layer at the position (i,j).   y  i j  l   denotes the (i,j) vector of the inter-channel output feature map   y l  .   α  i j  l  ,   β  i j  l  ,   γ  i j  l  , and   δ  i j  l   are the spatial weights of the feature vectors learned by the network adaptively at the four different layers; notably, they are not predefined or heuristic, but rather learnable parameters derived from the feature maps themselves. We use the Softmax function to define them as follows:


   α  i j  l  =    e  λ   α  i j    l     e  λ   α  i j    l   +  e  λ   β  i j    l   +  e  λ   γ  i j    l   +  e  λ   δ  i j    l       



(6)







Here,   λ   α  i j    l  ,   λ   β  i j    l  ,   λ   γ  i j    l  , and   λ  δ i j  l   are the control parameters. For each source level, a dedicated 1 × 1 Conv layer is applied to its corresponding aligned feature map   x  n → l   . This 1 × 1 Conv outputs a single-channel spatial map of control parameters      λ  i j    l   , used to fuse feature maps into each level. The purpose of softmax is to generate candidate weighting signals based on the      λ  i j    l    the feature map   x  n → l    at each spatial location (i, j). The softmax operation ensures two key properties: The weights   α  i j  l  ,   β  i j  l  ,   γ  i j  l  , and   δ  i j  l   are normalized between 0 and 1. Simultaneously, specify    α  i j  l  +  β  i j  l  +  γ  i j  l  +  δ  i j  l  = 1  . This normalization forces the network to compete for influence at each location.  λ  filters out conflicting information during the fusion process by controlling the weight parameters to approach 0 or 1.



By adaptively fusing features at all levels for each scale, irrelevant features are filtered out, while relevant features dominate by providing more distinctive clues. The modification results in considerably improved small object detection capabilities for the model.





4. Results


4.1. Experimental Basic Configuration


In Windows environment, we conducted all experiments. The YOLOv8 version is Ultralytics 8.1.20. In terms of hardware, the 13th Gen Intel(R) Core(TM) i9-13900K 3.00 GHz (Intel, CA, USA) was used for the CPU, the NVIDIA GeForce RTX 3090 (24 G) (Nvidia, CA, USA) was used for the GPU, and the software framework consists of Python3.8, torch1.10.0, and cuda11.6. During the training process, we started with pre-trained models and used a GPU for training. The input image size is 640 × 640. After multiple adjustments and attempts, we set epochs to 200 and patience to 150 to prevent resource waste. Subsequently, we set the batch size to 8, accelerating training time to the fullest extent; SGD as optimizer and control momentum to 0.937; and use mosaic for data enhancement. More experimental hyperparameters are shown in Table 1.




4.2. Dataset


We use the VisDrone2019 dataset tailored for UAV object detection, which is collected and produced by the AISKYEYE team in the Machine Learning and Data Mining Laboratory of Tianjin University with impartial authority. Unlike single-perspective collections, this dataset aggregates images from varied angles and mission contexts, including city streets, buildings, and plants, as shown in Figure 11, with more images for small objects. There are 10 classes in this dataset, as shown in Figure 12, 6471 images in the training set, 548 images in the validation set, and 1610 images in the test set, and the training set assigns class weights based on the number of corresponding labels. If we go to classify the object size according to the COCO [39] criterion, the proportion of small objects is more than 60% in the VisDrone2019 dataset, which is very suitable to be our benchmark dataset.




4.3. Metrics


We evaluate the performance of our enhanced model using a set of metrics, including precision (P), recall (R),   m A P  @0.5:0.95,   m A P  @0.5, and an   F 1   score, to facilitate a visual comparison of its effectiveness.



Precision (P) indicates the fraction of true positives among all predicted positives, whereas recall (R) quantifies the ability to find all relevant instances by computing the ratio of true positives to all actual objects. The   F 1   score combines both as a harmonic mean to provide a balanced assessment. The mathematical formulas are as follows:


  R =    T P   T P + F N     



(7)






  P =    T P   T P + F P     



(8)






   F 1  = 2 ·    P · R   P + R     



(9)







Here, True Positive (  T P  ) indicates cases where the model correctly labels positive instances, False Negative (  F N  ) refers to positive instances mistakenly classified as negative, and False Positive (  F P  ) represents cases where the model erroneously predicts negative samples as positive.



The Mean Average Precision (  m A P  ) provides a unified assessment of model performance by averaging the precision over all classes, offering a unified metric for model performance evaluation. The mathematical formulation is


  m A P =   1 K    ∑  i = 1  K  A  P i   



(10)







Here, K refers to the distinct classes, while Average Precision (  A P  ) is employed to assess detection accuracy for each class individually,   A  P i  =  ∫  0  1  P   (  R i  )  d R  .




4.4. Comparison Experiments


The performance evaluation of SMA-YOLO involves three comparative experiments on the VisDrone2019 dataset. A direct comparison against the baseline YOLOv8n highlights the proposed model’s performance gains. Further validation against other widely used YOLO variants confirms the effectiveness of the architectural improvements. Additional benchmarks with recent YOLOv8n-based advanced models further establish the superiority of SMA-YOLO.



YOLOv8 comes in five different sizes. YOLOv8n, YOLOv8l, YOLOv8m, YOLOv8s, YOLOv8x. We balanced the accuracy and speed of model detection and combined it with our software and hardware environment, ultimately choosing YOLOv8n as our baseline model.



Table 2 shows the AP value of YOLOv8n and our model for each category, as well as the mAP@0.5 for all categories. As evidenced by the table data, our model’s mAP@0.5 value increased by 7.4% for all categories, and the AP value of each category increased, with the three categories showing the greatest improvement being Pedes, Motor, and People, which are 12.7%, 10.0%, and 9.7%, respectively. These three categories all belong to the category of small objects, and the improvement in their detection accuracy confirms that SMA-YOLO’s effectiveness in addressing small object detection challenges is specific to UAV-based images.



Table 3 shows a comparative analysis between SMA-YOLO and other YOLO models. YOLOv5 and YOLOv7 underperform the baseline YOLOv8n on the VisDrone2019 dataset. YOLO-NAS adopts neural architecture search (NAS) to automatically optimize the backbone and head architecture, achieving a better balance between accuracy and efficiency for enhanced performance. Similarly, YOLOv10s and YOLOv11s achieve significant improvements over YOLOv8n through optimized architectures and advanced techniques. Subsequently, YOLOv12 builds upon YOLOv11 by introducing an attention-centric architecture with Area Attention and Residual Efficient Layer Aggregation Networks (R-ELAN), which reduces complexity and optimizes feature aggregation, achieving superior accuracy without sacrificing real-time speed. Notably, even YOLOv13s—the latest model in the YOLO series—proposes Hypergraph-based Adaptive Correlation Enhancement (HyperACE) for adaptive high-order correlation modeling via hypergraph computation, Full-Pipeline Aggregation-and-Distribution (FullPAD) for full-pipeline feature distribution, and depthwise separable convolutions for reducing computing overhead. Although it achieves a perfect 39.1% in mAP@0.5, considerably lower than SMA-YOLO’s 42.3%, further validating its superior detection performance.



A comparative analysis was conducted between SMA-YOLO and other advanced models to verify its superior effectiveness. As shown in Table 4. SSD demonstrates relatively poor detection performance among the compared methods. NanoDet is a lightweight, fast, and easy-to-deploy detector based on an anchor-free design and an efficient backbone network. It exhibits extremely lightweight characteristics but therefore has low detection performance in complex scenarios and small objects. Faster RCNN, a representative two-stage detector, shows only marginal improvement over SSD while still underperforming significantly in comparison with the baseline YOLOv8n model. The performance benchmark, YOLOv8n, and all comparative models listed in the table are enhanced architectures specifically optimized for UAV-based small object detection. Notably, each modified model achieves varying degrees of performance enhancement over YOLOv8n. Among all compared algorithms, YOLO-MARS exhibits the best overall performance. However, SMA-YOLO surpasses YOLO-MARS by 1.4% in mAP@0.5 and 1.9% in mAP@0.5:0.95, while maintaining a parameter reduction of 0.3M. These results demonstrate that although SMA-YOLO did not achieve the best results on parameters and GFLOPs, the comprehensive evaluation shows that SMA-YOLO achieves excellent detection performance, particularly in small object detection scenarios for UAV images, confirming its effectiveness and advantages in this specialized domain.




4.5. Ablation Experiments


Two sets of ablation experiments are carried out to examine the effect of each individual improvement on model performance. The first phase evaluates the isolated impact of the SSC module through ablation studies, while the second phase systematically examines the collective contribution of all proposed enhancements. The test comparisons are performed on the VisDrone2019 dataset using YOLOv8n as the benchmark model in the same experimental setting.



For the enhancement of feature maps in the SSC module, we use SimAM, which computes 3D attentional weights to enhance features, and to verify its superiority, we conduct experiments under the same settings and conditions using the SE [53] attentional mechanism, which focuses on computing one-dimensional weights, and CBAM [54], which computes one- and two-dimensional weights.



The ablation results are shown in Table 5; several key observations can be made regarding the effectiveness of various attention mechanisms. SimAM incurs a minimal increase in GFLOPs, primarily due to the calculation of channel statistics (mean   μ ^   and variance    σ ^  2  ) and element-wise operations defined by its closed-form solution (Equation (1)). In contrast, SE and CBAM exhibit substantially higher computational costs, stemming from their parameterized layers (FC layers in SE, FC and Conv layers in CBAM). Most importantly, the parameter-free nature enables more efficient feature propagation during inference, and the lower computational complexity of SimAM preserves inference speed slightly higher than the baseline. SE and CBAM, however, suffer significant FPS degradation due to their added parameters and more complex operations. Although the mAP@0.5 gain of SimAM (+1.4%) is only marginally higher than SE (+0.2%) and CBAM (+1.0%), this improvement is achieved with negligible parameter growth and minimal impact on inference latency. This exceptional efficiency makes SimAM particularly suitable for resource-constrained UAV platforms where real-time performance is paramount. The slight variance in mAP gains could be attributed to SimAM’s 3D attention mechanism being inherently better at preserving fine-grained details critical for small objects.



We employ the Grad-CAM technique to generate heatmaps, facilitating a visual comparison of the detection outcomes across three different attention mechanisms under identical scenes. As illustrated in Figure 13, a representative scenario containing numerous vehicles and substantial background interference is selected. The red regions in the activation maps denote areas of high response. Overall, the detection performance of SimAM exhibits clear superiority over the other two mechanisms. While the integration of the SE module enables the model to localize targets, the high-activation regions are predominantly concentrated along the object boundaries. When introducing CBAM, a broader distribution of red regions is observed; however, these activations still largely remain along the peripheries of the targets. Additionally, both SE and CBAM show weak activation responses for vehicles affected by background clutter. In contrast, the introduction of SimAM results in a marked increase in the number and intensity of activation regions, which are primarily focused on the central areas of the objects, indicating more accurate recognition. Furthermore, SimAM more effectively emphasizes vehicles partially occluded by trees or situated at considerable distances from the camera. These results demonstrate the superior capability of SimAM in enhancing object detection performance compared with SE and CBAM.



The tabulated results in Table 6 confirm significant improvements across all metrics of detection accuracy when contrasting the fully optimized model with the original YOLOv8n. Specifically, 7.2% in precision (P), 6.6% in recall (R), and 7.4% in mAP@0.5, as well as achieving a 0.4 M reduction in parameters. The detailed analysis of the architecture modification shows that the model detection accuracy is greatly improved after the introduction of M-FPN and ASFFDHead. M-FPN replaces the original PANet-style feature fusion with a more streamlined and efficient structure, which focuses on scale-aligned fusion while avoiding redundant convolutions, thus saving parameters without compromising feature quality. Subsequently, ASFFDHead’s attention-based adaptive spatial fusion mechanism helps the model filter conflict information while emphasizing discrimination information, leading to more accurate prediction. But at the same time, its multi-branch structure, in which each input feature from different scales is processed by an independent convolution layer, also introduces more parameters. Notably, the increase in GFLOPs mainly stems from the M-FPN and ASFFDHead components. M-FPN introduces additional multi-scale feature fusion paths, which significantly increase computations on feature maps. Meanwhile, ASFFDHead replaces the YOLOv8 detection head with a more complex fusion-based structure, introducing more layers and inter-feature computations. These changes, while improving small object perception, inevitably lead to higher GFLOPs and reduced FPS. The introduction of SSC slightly improves the decline of FPS. Nevertheless, FPS is still above 100, and while maintaining acceptable real-time performance, we have achieved significant improvements in detection accuracy.



To further validate these findings, as illustrated in Figure 14, we conducted a comprehensive performance analysis through Precision–Recall (P–R) curve, F1–Confidence (F1–C) curve, and Recall–Confidence (R–C) curve. These results collectively confirm that our proposed model architecture is both robust and effective.




4.6. Visualization


We present intuitive visual comparisons between SMA-YOLO and baseline YOLOv8n to demonstrate its enhanced effectiveness for UAV small object detection, visualizing its detection results with those of the baseline model YOLOv8n. Two representative images from the VisDrone2019 dataset are selected, each featuring distinct scenes, camera perspectives, and lighting conditions. Regions with notable differences in detection results are highlighted using white rectangular boxes and enlarged for clearer observation. The visualizations include object class names and confidence scores, with different colors indicating different categories. Figure 15 and Figure 16 show visualization results under two markedly different conditions.



Figure 15 depicts a UAV image captured during the daytime at an oblique angle over an urban street with a complex background. Both models detect most of the objects. However, YOLOv8n exhibits clear limitations in identifying small and distant objects. At least four regions in the image reveal substantial discrepancies, of which two representative areas are emphasized with white rectangles. In the upper section, where vehicles are densely packed, SMA-YOLO accurately detects nearly all of them, including a bus partially occluded by other objects. Additionally, cars in the upper-left corner, partially hidden by streetlights and stairs, are still correctly identified by SMA-YOLO. These results directly show the detection results of SMA-YOLO for occluded or small, dense objects, highlighting its superior detection sensitivity and accuracy.



In contrast, Figure 16 shows a nighttime UAV image with poor visibility, motion blur, and minimal lighting conditions that pose a significant challenge for object detection. While both models perform similarly in the lower part of the image, the upper region reveals stark differences. Although several discrepancies are evident, we focus on two representative areas. In the central upper portion, a group of cars with headlights is located at a distance. Despite adverse factors such as distance, glare, and blur, SMA-YOLO successfully detects most vehicles, whereas YOLOv8n fails to identify the majority. In the top-right area, which lacks illumination, YOLOv8n detects only two vehicles, while SMA-YOLO correctly identifies all. These results demonstrate the robustness of SMA-YOLO under challenging conditions such as low light, poor visibility, and image degradation.



To further validate the effectiveness of SMA-YOLO, an additional image similar to each of the two scenes is selected for supplementary comparison, as shown in Figure 17. In these cases, we focus on overall detection outcomes rather than analyzing specific regions. Areas with significant performance gaps are marked using red ellipses to highlight the differences.



We present the Precision–Confidence (P–C) curves for both YOLOv8 and our proposed SMA-YOLO in Figure 18. As shown, SMA-YOLO exhibits superior precision across a wide range of confidence thresholds. The blue curve, representing the average across all classes, is consistently higher and smoother in SMA-YOLO, indicating more reliable confidence calibration and fewer false positives. Moreover, SMA-YOLO achieves 100% precision at a slightly higher confidence threshold, implying a better capability to distinguish correct detections at high-confidence levels. Several small-object categories, such as pedes, people, and bicycles, also show significantly improved performance. In contrast, YOLOv8 exhibits unstable behavior in categories like awntri and tricyle, where the precision drastically drops at higher confidence levels. These results confirm that SMA-YOLO not only improves detection accuracy but also provides more trustworthy confidence estimates. However, the marginal improvement in the extreme confidence range suggests limited gains in suppressing false positives at very high thresholds. This implies that while SMA-YOLO calibrates confidence better than YOLOv8 overall, its capability to handle extremely ambiguous cases or rare object types still leaves room for further refinement.



To offer a more detailed insight into the performance advantage of SMA-YOLO compared with the baseline YOLOv8, we conducted a comparative analysis using the confusion matrices of both models. As illustrated in Figure 19, an inspection of the diagonals reveals that YOLOv8 struggles to accurately recognize most categories, particularly those other than car and bus. In contrast, SMA-YOLO demonstrates noticeable improvements across all categories, with the most significant gains observed in pedes, people, and motor, each achieving an increase of over 10%. These three classes predominantly consist of small objects, highlighting SMA-YOLO’s enhanced capability in small object detection. Moreover, the background category has a substantial influence on the detection performance due to the dataset’s diverse scenes and high background complexity. In many cases, target objects are easily misclassified as irrelevant background. However, SMA-YOLO significantly reduces the false positive rate associated with the background class, indicating its robustness in detecting small objects even under cluttered and complex visual environments.




4.7. Generalization Experiments


To demonstrate the generalization capability of our model, in addition to the VisDrone2019 dataset, we conducted comparative experiments on two remote sensing image datasets: UAVDT [55] and RSOD. The UAVDT dataset is a large-scale benchmark designed for object detection and tracking tasks in aerial videos captured by UAVs. It contains over 80,000 frames with annotations for vehicles (car, truck, bus) in challenging conditions such as high altitude, dynamic backgrounds, weather variations, and small object sizes. Moreover, the RSOD dataset is a remote sensing image benchmark focused on high-resolution aerial imagery. It includes four object categories—aircraft, oil tank, playground, and overpass—captured from satellite or aerial sensors, commonly used for evaluating detection performance on small and densely distributed objects.



The experimental settings, including training parameters and environments, were kept consistent with those used on VisDrone2019. We compared our proposed SMA-YOLO with NanoDet, Faster R-CNN, and various YOLO variants. As shown in Table 7, SMA-YOLO outperforms all models in both mAP@50 and mAP@50:95. Specifically, it surpasses YOLOv8n by 4.3% on UAVDT and 3.2% on RSOD in terms of mAP@50. Although our model does not achieve the lowest values in terms of parameters and GFLOPs, mainly due to comparison with extremely lightweight models such as NanoDet. Nevertheless, the slight increase in computational cost leads to a notable improvement in detection accuracy, which demonstrates the effectiveness of our design.



Furthermore, we conducted a qualitative comparison between the baseline and our improved model on the UAVDT and RSOD datasets to intuitively highlight the advantages of SMA-YOLO. As shown in Figure 20 and Figure 21, the left and right respectively present the visualization results of YOLOv8 and SMA-YOLO on the UAVDT and RSOD datasets. In Figure 20, YOLOv8 incorrectly classifies a roadside solar panel as a car, misidentifies a car at the top of an intersection as a truck, and misses a truck on the right side. In contrast, SMA-YOLO accurately detects all of these instances. Moreover, as illustrated in Figure 21, the ground truth number of oil tank objects is 12, yet YOLOv8 falsely detects a building in the upper-right corner as an oil tank, whereas SMA-YOLO produces no false positives.



The above experimental results and visual comparisons on the two datasets demonstrate that SMA-YOLO exhibits strong robustness and generalization capability. It effectively reduces both false positives and missed detections and achieves superior detection performance across heterogeneous remote sensing conditions instead of being confined to a single dataset.





5. Dicussion


The proposed SMA-YOLO framework achieves notable improvements in small object detection within UAV imagery by systematically overcoming three critical limitations of existing methods. Specifically, the parameter-free SSC module preserves the discriminative features of small objects by leveraging spatial slicing and SimAM-guided 3D attention recalibration. As evidenced by the quantitative results in Table 5, the SSC module surpasses conventional parameterized attention mechanisms such as SE and CBAM, delivering a 1.4% improvement in mAP@0.5 without introducing additional learnable parameters while preserving real-time inference speed. Furthermore, the visualizations in Figure 13 highlight the module’s capability to concentrate activation responses on object centers rather than on peripheral boundaries, thereby enhancing detection performance in cluttered and complex aerial scenarios.



The M-FPN architecture enhances cross-scale feature fusion by introducing multi-level connectivity alongside the novel C2f-HPC module. As demonstrated in Table 6, this design yields a 3.1% increase in mAP@0.5 compared with the baseline while simultaneously reducing the number of parameters by 26.7%. The hierarchical receptive field expansion mechanism facilitates combinatorial feature integration across scales, effectively preserving fine-grained details that are critical for detecting densely distributed small objects. This advancement effectively addresses a fundamental limitation of conventional FPN structures, which often suffer from significant information degradation during successive downsampling operations.



The ASFFDHead addresses feature conflicts commonly encountered in multi-scale fusion by employing adaptive spatial weighting. Specifically, it incorporates a dedicated high-resolution P2 detection head and introduces ASFF fusion strategies, which jointly contribute to a substantial reduction in missed detections under challenging conditions such as nighttime scenes and motion blur, as illustrated in Figure 1. This design is particularly effective for small object detection, where inconsistencies between shallow and deep feature representations often hinder accurate localization. Furthermore, the model’s generalization ability is validated through cross-dataset evaluations presented in Table 7, where consistent performance gains—4.3% mAP@0.5 on UAVDT and 3.2% on RSOD—affirm the robustness and adaptability of the proposed design.



Although SMA-YOLO significantly enhances small object detection performance in UAV and remote sensing imagery, it introduces negative effects, such as increased computational complexity (GFLOPs) and a reduction in inference speed (FPS), both of which are critical considerations for deployment on resource-constrained aerial platforms. Future research will focus on reducing computational overhead and mitigating FPS degradation without compromising detection accuracy. In particular, model compression techniques and dynamic inference mechanisms are promising directions that may further optimize the efficiency of the proposed framework.




6. Conclusions


In this study, in order to deal with the vital issues of missed and false detection in UAV scenarios for small objects, particularly with low resolution and complex backgrounds. We propose SMA-YOLO, an enhanced YOLOv8-based detector incorporating several architectural innovations to improve small object detection performance. The proposed parameter-free SSC module enhances feature representation through strategic spatial slicing and SimAM-based feature enhancement, effectively preserving fine details of small objects while robustly suppressing irrelevant background features. To optimize multi-level and cross-scale feature fusion, we introduce an M-FPN with cross-layer connections for efficient information flow, complemented by the C2f-HPC module for hierarchical multi-scale feature extraction. Further improvements are achieved through our novel ASFFDHead design, which adds a high-resolution P2 detection head and introduces an ASFF mechanism to dynamically resolve scale conflicts during feature aggregation. Comprehensive evaluations on the VisDrone2019 dataset demonstrate superior performance of SMA-YOLO, achieving a 7.4% improvement in mAP@0.5 over YOLOv8n while reducing model parameters by 0.4 M. Meanwhile, we also demonstrated its generalization on the UAVDT and RSOD datasets. Future research directions include exploring model compression techniques for real-time edge deployment and investigating dynamic inference mechanisms, potentially further advancing UAV-based detection capabilities with a lighter and faster model.
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Figure 1. (a) Complex backgrounds. (b) Dense small objects. (c) Blurriness. (d) Night situation. The Chinese characters visible do not affect the scientific understanding. 






Figure 1. (a) Complex backgrounds. (b) Dense small objects. (c) Blurriness. (d) Night situation. The Chinese characters visible do not affect the scientific understanding.



[image: Remotesensing 17 02421 g001]







[image: Remotesensing 17 02421 g002] 





Figure 2. The structure of YOLOv8. 
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Figure 3. The structure of SMA-YOLO network. 
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Figure 4. The structure of SSC and the internal principle of SWS module. 
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Figure 5. (a) Generating channel 1D weights. (b) Generating spatial two-dimensional weights. (c) Generating 3D weights. In each subfigure, X denotes the input feature map; C, H, and W indicate the number of channels, height, and width, respectively. Different colors represent distinct attention weights along different dimensions. 
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Figure 6. The structure of M-FPN. The ⊕ refers to Concat. 
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Figure 7. The construction of C2f-HPC. 
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Figure 8. The construction of HPC. In the figure, H, W, and C represent the height, width, and number of channels of the input feature map, respectively.  ω  denotes the channel width after splitting, and s is the total number of splits. F and   F ^   denote the input and output features. 
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Figure 9. The structure of ASFFDHead. 
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Figure 10. The details of ASFF4. The ⊗ represents dot product, and ⊕ represents fusion. 
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Figure 11. (a) City street. (b) Building factory. The Chinese characters visible do not affect the scientific understanding. 
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Figure 12. (a) Distribution of ten object categories. (b) Distribution of height and width of the objects. 
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Figure 13. Heatmap results of introducing different attention in SSC. (a) +SE. (b) +CBAM. (c) +SimAM. 
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Figure 14. (a) Precision–Recall curve. (b) F1–Confidence curve. (c) Precision–Confidence curve. 






Figure 14. (a) Precision–Recall curve. (b) F1–Confidence curve. (c) Precision–Confidence curve.
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Figure 15. An aerial image of urban streets acquired at an oblique angle during the daytime. (a) YOLOv8n. (b) SMA-YOLO. 
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Figure 16. An aerial image of city intersection with poor and blurry lighting during the night. (a) YOLOv8n. (b) SMA-YOLO. 
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Figure 17. (a) YOLOv8n. (b) SMA- YOLO. 






Figure 17. (a) YOLOv8n. (b) SMA- YOLO.
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Figure 18. (a) Precision–Confidence curves of YOLOv8n. (b) Precision–Confidence curves of SMA-YOLO. 






Figure 18. (a) Precision–Confidence curves of YOLOv8n. (b) Precision–Confidence curves of SMA-YOLO.
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Figure 19. (a) Confusion matrix of YOLOv8n. (b) Confusion matrix of SMA-YOLO. 






Figure 19. (a) Confusion matrix of YOLOv8n. (b) Confusion matrix of SMA-YOLO.
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Figure 20. Visual comparison of YOLOv8 and SMA-YOLO on UAVDT dataset. (left) YOLOv8n, (right) SMA-YOLO. 
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Figure 21. Visual comparison of YOLOv8 and SMA-YOLO on RSOD dataset. (left) YOLOv8n, (right) SMA-YOLO. 






Figure 21. Visual comparison of YOLOv8 and SMA-YOLO on RSOD dataset. (left) YOLOv8n, (right) SMA-YOLO.
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Table 1. Model hyperparameters.






Table 1. Model hyperparameters.





	Hyperparameters
	Value





	Image size
	640 × 640



	Epochs
	200



	Patience
	150



	Batch size
	8



	Optimizer
	SGD



	Momentum
	0.937



	Data enhancement
	Mosaic



	Workers
	4



	Learning rate
	0.01



	Weight decay
	0.0005










 





Table 2. Comparison results of SMA-YOLO with YOLOv8n. (Bolding indicates the enhancement ratio).






Table 2. Comparison results of SMA-YOLO with YOLOv8n. (Bolding indicates the enhancement ratio).





	Models
	Pedes
	People
	Bicycle
	Car
	Van
	Truck
	Tricycle
	Awntric
	Bus
	Motor
	All





	YOLOv8n
	36.2
	29.2
	8.7
	76.3
	40.3
	32.7
	25.3
	13.3
	47.9
	38.8
	34.9



	Ours
	48.9
	38.9
	15.0
	82.6
	47.6
	36.3
	29.5
	16.9
	56.9
	49.6
	42.3



	Increase(%)
	12.7
	9.7
	6.3
	6.3
	7.3
	3.6
	4.2
	3.6
	9.0
	10.8
	7.4










 





Table 3. Comparison results of SMA-YOLO with other YOLO models. (Bolding indicates best results).






Table 3. Comparison results of SMA-YOLO with other YOLO models. (Bolding indicates best results).





	Models
	mAP@0.5 (%)
	mAP@0.5:0.95 (%)
	Parameters (M)
	GFLOPs





	YOLOv5
	30.6
	15.6
	7.2
	17.1



	YOLOv7 [40]
	32.7
	17.9
	37.3
	105.3



	YOLOv8n
	34.9
	20.3
	3.0
	8.2



	YOLO-NAS [41]
	36.3
	20.9
	4.2
	10.6



	YOLOv10s [42]
	37.8
	22.4
	7.2
	20.9



	YOLOv11s [43]
	38.1
	22.4
	9.4
	21.6



	YOLOv12s [44]
	38.8
	23.0
	9.3
	21.4



	YOLOv13s [45]
	39.1
	23.4
	9.0
	20.8



	SMA-YOLO
	42.3
	25.3
	2.6
	20.9










 





Table 4. Comparison results of SMA-YOLO with other improved YOLOv8 models. (Bolding indicates best results).






Table 4. Comparison results of SMA-YOLO with other improved YOLOv8 models. (Bolding indicates best results).





	Models
	mAP@0.5 (%)
	mAP@0.5:0.95 (%)
	Parameters (M)
	GFLOPs





	SSD
	25.3
	14.6
	58.0
	99.2



	NanoDet [46]
	26.5
	15.4
	1.8
	1.5



	Faster RCNN
	29.0
	17.8
	165.6
	118.6



	YOLOv8n
	34.9
	20.3
	3.0
	8.2



	LGFF-YOLO [47]
	38.3
	22.8
	4.2
	12.4



	RFAG-YOLO [48]
	38.9
	23.1
	5.9
	15.7



	DASSF [49]
	39.6
	23.5
	8.5
	23.9



	YOLO-GE [50]
	40.7
	23.7
	3.5
	15.9



	SSE-YOLO [51]
	40.8
	23.6
	3.6
	10.9



	YOLO-MARS [52]
	40.9
	23.4
	2.9
	13.7



	SMA-YOLO
	42.3
	25.3
	2.6
	20.9










 





Table 5. The results of introducing different attention mechanisms into SSC. (Bolding indicates the best performance).






Table 5. The results of introducing different attention mechanisms into SSC. (Bolding indicates the best performance).





	Models
	P(%)
	R(%)
	mAP@0.5 (%)
	Parameters (M)
	Learnable Parameters
	GFLOPs
	FPS





	YOLOv8n
	45.8
	34.3
	34.9
	3.0
	–
	8.2
	189



	+SE
	45.9
	34.6
	35.1
	4.1
	2FC
	10.7
	172



	+CBAM
	46.6
	35.2
	35.9
	4.5
	FC + Conv
	12.9
	164



	+SimAM
	46.9
	35.6
	36.3
	3.0
	0
	8.3
	197










 





Table 6. Ablation study of key components in the improved model. ASFFDH means ASFFDHead. (Bolding indicates the best performance).






Table 6. Ablation study of key components in the improved model. ASFFDH means ASFFDHead. (Bolding indicates the best performance).


















	Models
	SSC
	M-FPN
	ASFFDH
	P (%)
	R (%)
	mAP@0.5 (%)
	F1 (%)
	Params (M)
	GFLOPs
	FPS





	YOLOv8n
	
	
	
	45.8
	34.3
	34.9
	38
	3.0
	8.2
	189



	1
	✓
	
	
	46.9
	35.6
	36.3
	38
	3.0
	8.3
	197



	2
	
	✓
	
	48.2
	36.6
	38.0
	41
	2.2
	14.9
	150



	3
	
	
	✓
	48.8
	36.9
	38.3
	41
	4.3
	17.6
	137



	4
	✓
	
	✓
	50.4
	39.2
	41.5
	42
	4.3
	17.6
	142



	5
	✓
	✓
	
	50.1
	38.9
	41.1
	42
	2.0
	14.9
	156



	6
	
	✓
	✓
	51.7
	40.1
	42.1
	44
	2.6
	20.9
	102



	SMA-YOLO
	✓
	✓
	✓
	53.0
	40.9
	42.3
	45
	2.6
	20.9
	106










 





Table 7. The results of experiment on UAUDT and RSOD datasets. (Bolding indicates the best performance).






Table 7. The results of experiment on UAUDT and RSOD datasets. (Bolding indicates the best performance).





	
Datasets

	
Models

	
mAP@0.5 (%)

	
mAP@0.5:0.95 (%)

	
Parameters (M)

	
GFLOPs






	
UAVDT

	
SSD

	
23.9

	
15.5

	
58.0

	
99.2




	
NanoDet

	
25.2

	
18.7

	
1.8

	
1.5




	
Faster RCNN

	
27.5

	
21.3

	
165.6

	
118.6




	
YOLOv5

	
28.3

	
21.5

	
7.2

	
17.1




	
YOLOv7

	
29.8

	
21.9

	
37.3

	
105.3




	
YOLOv8n

	
32.3

	
22.7

	
3.0

	
8.2




	
YOLOv10s

	
33.4

	
23.1

	
7.2

	
20.9




	
YOLOv13s

	
34.8

	
23.5

	
9.0

	
20.8




	
SMA-YOLO

	
36.6

	
24.1

	
2.6

	
20.9




	
RSOD

	
SSD

	
91.5

	
68.4

	
58.0

	
99.2




	
NanoDet

	
92.4

	
68.7

	
1.8

	
1.5




	
Faster RCNN

	
93.7

	
69.5

	
165.6

	
118.6




	
YOLOv5

	
94.8

	
69.2

	
7.2

	
17.1




	
YOLOv7

	
93.9

	
68.9

	
37.3

	
105.3




	
YOLOv8n

	
94.6

	
69.1

	
3.0

	
8.2




	
YOLOv10s

	
94.7

	
69.2

	
7.2

	
20.9




	
YOLOv13s

	
95.1

	
69.6

	
9.0

	
20.8




	
SMA-YOLO

	
97.8

	
70.2

	
2.6

	
20.9
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