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Pedestrian Detection Based on Multimodal Feature Differential Attention Fusion and YOLO
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Abstract: In order to address the difference between visible light modality and thermal infrared modality and make full
use of multimodal information to perform pedestrian detection, this study proposes a multimodal feature differential
attention fusion pedestrian detection method based on.YOLO. The method first uses the feature extraction backbone of the
YOLOV3 deep neural network to extract multimodal features respectively. Second, the differential attention module of
modal features is embedded between the corresponding multimodal feature layers to fully mine the difference information
between modalities, and the difference feature representation is strengthened through the attention mechanism, so as to
improve the quality of feature fusion. Then, the difference information is fed back to the multimodal feature extraction
backbone to improve the network’s ability to learn and fuse multimodal complementary information. In addition, the
multimodal features are fused in layers to obtain the multi-scale features. Finally, target detection is performed on the
multi-scale feature layer to predict the probability and location of pedestrian targets. The experimental results on the
public multimodal pedestrian detection datasets of KAIST and LLVIP show that the proposed multimodal pedestrian
detection method can effectively address the difference between modalities and realize the full use of multimodal
information. Furthermore, it has high detection accuracy and speed and is of practical application value.
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