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Vehicle and Pedestrian Target Detection Algorithm Based on Multi—

Scale Feature Fusion
Li Xiangheng', Fang Hongsu®, Yang Yalin’, Yang Wei’
(1. Henan Polytechnic University, Jiaozuo 454000; 2. Chang’ an University, Xi’an 710064)

[ Abstract]In response to the complex and diverse nature of the road traffic environment, where vehicle and pedestrian
detection is prone to false and missed detections, this paper proposes a vehicle and pedestrian target detection algorithm
YOLOv8-RC based on multi-scale feature fusion. Initially, the RCS—=OSA module is introduced within the structure of the
base network YOLOVS8 to replace the original module, thereby enhancing and integrating the extracted feature information.
Additionally, a lightweight Context—Aware Adaptive Feature Reorganization (CARAFE) is employed to replace the original
upsampling operator, enhancing the network’ s capability for global multi—scale information fusion. Subsequently, a detection
dataset consisting of 6 000 images of vehicle and pedestrian targets is constructed through public datasets and network
collection. The algorithm’ s detection performance is quantitatively evaluated using accuracy, recall rate, mean Average
Precision at a 50% intersection over union threshold (mAP50), and mAP50-95. Compared to YOLOv8-N, YOLOv8-RC
demonstrates an improvement of 1.7 percentage in accuracy, 1.2 percentage in recall rate, 0.9 percentage in mAP50, and 0.5
percentage in mAP50-95, thus validating the algorithm s effectiveness.
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