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Object detection algorithm for autonomous driving road scenes
based on improved YOLOv7

JIN Ruiying, SHI Wei, SONG Ziyang

('School of Mechanical Engineering Jiangsu University of Technology, Changzhou 213001, Jiangsu, China)

Abstract: Object detection is an important part of automatic driving technology. However, there exist problems such as inaccurate
recognition, missed detections, and false positives caused by the dense distribution and mutual occlusion of targets like vehicles and
pedestrians. This paper proposes an object detection algorithm for autonomous driving road scenes based on improved YOLOv7. It
uses a lightweight network, ShuffleNetv2, to replace the original backbone network, which reduces the number of model parameters
and complexity and improves the model training speed. The Coordinate Attention ( CA) attention module is added to the neck
network (Neck layer) to enhance the model’s learning of channel relationships and improve the modeling ability for multi—channel
input data. Then, a multi-scale feature fusion network structure is introduced in the Neck and Head layers to deepen the sensory
field of the feature maps and improve the miss—detection and misdetection of small objects. Finally, the Focal-EIoU loss function is
introduced to accelerate model convergence and improve regression accuracy. The training and detection experiments conducted on
the KITTI dataset showed that, mAP@ 0. 5 reached 91. 6%, an increase of 2. 5% compared to the original model, with a reduction
of 36.2% and 38.2% in model parameters and computational complexity, respectively, improving detection accuracy and speed.
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