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Abstract

In occluded images, pedestrian targets are often partially or completely blocked by other objects,
leading to incomplete appearance features, blurred edges, and even confusion with the background
or occluding objects. Detecting occluded pedestrian targets requires algorithms capable of accu-
rately recognizing and localizing targets despite missing features. To address this challenge, this
paper proposes an improved YOLOv10 method with enhanced multi-scale perception by integrating
an Efficient Multi-directional Self-Attention (EMSA) mechanism. Firstly, the MSDA attention mecha-
nism is incorporated into the C2f module of YOLOv10 to enhance the model’s ability to capture fea-
tures at multiple scales, improving the detection of occluded targets of various sizes. By adaptively
weighting features across channels, the method increases focus on occluded target features. Sec-
ondly, a novel loss function, Focaleriou, is introduced based on a dynamic focusing mechanism. This
adjusts the focus of the loss dynamically, enhancing the detection of targets at different scales and
improving the convergence speed of bounding box regression loss. Additionally, a small-object de-
tection head is added to strengthen feature extraction for small occluded targets. Finally, ablation
experiments are conducted on the public Citypersons dataset. Results show that the model incor-
porating the MSDA attention mechanism achieves a mean average precision (mAP@0.5) of 62.3%,
which is 2.2% higher than the official YOLOv10n. Experimental findings demonstrate that the EMSA
attention mechanism effectively improves the detection of occluded pedestrian targets, meeting the
requirements for scenarios such as autonomous driving and surveillance under occluded pedes-
trian conditions.
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Figure 1. YOLOvV10 network architecture diagram
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Figure 2. YOLOv10n_EMSA network architecture diagram
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Figure 3. EMSA schematic diagram
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Table 1. Performance comparison of multi-scale self-attention mechanisms

* 1 ZREBIENNGIMREEER

model P R MAP@0.5 mAP@0.5:0.95
YOLOv10n 0.944 0.79 60.1 37.2
YOLOv10n + EMSA 0.886 0.83 62.3 38.9

YOLOv10n YOLOv10n-EMSA

Figure 5. Comparison of results before and after adding the EMSA attention mechanis
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Table 2. Experimental comparison of adding EMSA to different modules
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x V N 61.5
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Figure 6. PR comparison chart after algorithm improvement on the Citypersons dataset
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