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One-Stage Target Detection Model Based on Group Convolution
Feature Fusion

BAO Xian-fu,QIANG Zan-xia,LI Dan-yang, YANG Rui
(Zhongyuan University of Technology ,Zhengzhou 450007 , China)

Abstract; Due to the limitations of mobile terminal computing power and memory size, real-time target detection on mobile devices is
quite challenging. In order to better perform target detection on mobile devices such as driverless cars,based on YOLOV3 single—stage
target detection model, the target detection model deployed on the mobile device is optimized to improve the detection accuracy ( MAP)
and reduce the computational complexity. The specific improvement measures are as follows: the introduction of volume and channel
shuffling technology based on the DarkNet-53 backbone network; based on the network design guidelines proposed by scholars such as
MG Hluchyj, the residual unit and down-sampling unit of the backbone network are modified and optimized; the feature mixture pyramid
model is introduced to reduce the YOLOv3 model’ s omission of dense targets and label rewriting. Through experimental comparison on
the Pascal VOC2007 and VOC2012 data sets, the overall accuracy of the optimized model is 8. 17% higher than that of YOLOvV3,and the
model parameter is reduced by 1.21 M. The detection accuracy of YOLOvV4 is reached when the parameter quantity of YOLOV4 is
roughly equal.
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