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Abstract

Small object detection has always been the core challenge in computer vision in remote sensing
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images. Due to the characteristics of small object detection, such as low resolution, scarcity of fea-
ture information and serious background interference, the traditional object detection algorithm
performs poorly in this task. This paper proposes an intelligent detection system for remote sensing
images of small objects based on improved YOLOv5, which aims to improve the detection accuracy
and recall rate of small targets. The main innovations of this study include three aspects: First, a
spatial pyramid depth convolution module (SPD-Conv) is designed, which effectively expands the
sensing field through a multi-scale hollow convolution structure, while maintaining the high reso-
lution of the feature map to avoid losing detailed information of small objects during the downsam-
pling process. Secondly, a lightweight channel attention mechanism (ECA-Net) is introduced to
adaptively enhance the expression of characteristics related to small objects and suppress interfer-
ence from irrelevant background information. Third, the two-way feature pyramid network (BiFPN)
is used to replace the traditional path aggregation network, which realizes the two-way integration
of multi-scale features and greatly improves the semantic representation ability of small objects in
deep networks. Experimental results on the public remote sensing data set AI-TOD show that this
method performs well in small object detection tasks, with a detection accuracy rate (mAP) of
36.8%, 7.3 percentage points higher than the original YOLOVS5, verifying the effectiveness of the pro-
posed improvement strategy.
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Figure 1. Overall architecture diagram
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Figure 2. Instance count and bounding box distribution statistics per dataset category
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Figure 4. Precision-Recall (PR) curves for each defect category
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Table 2. Ablation experiment results of different modules
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