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Target detection based on optimized bounding box regression

Zhao Wencang, Xu Changkai, Wang Chunxin
( College of Automation Engineering, Qingdao University of Science and Technology, Qingdao 266061 )
Abstract

Target detection is one of the key problems in computer vision tasks, and bounding box regression is an impor-
tant step in target detection. In the existing methods, intersection over union (IoU) loss is considered to be benefi-
cial to IoU measurement, but there are still problems such as slow convergence and inaccurate regression. In addi-
tion, large-scale target detection data sets try to define the true bounding box as clearly as possible, but biases are
still introduced when marking the bounding box. Therefore, this paper proposes an optimized bounding box opti-
mize-loU (OloU) loss based on complete-IoU ( CloU) loss and bounding box regression Kullback-Leibler ( KL)
loss, and solves the above problems mainly by learning boundary transformation and positioning variance. OloU is
not only used to evaluate the localization confidence, but also to calculate the standard deviation and the position of
the bounding box, which solves the problems of deviation and inaccurate regression caused by the bounding box la-
beling while speeding up the convergence speed. On the two data sets of PASCAL VOC and MS-COCO, it is proved
that the optimized bounding box loss is superior to the previous methods in detection accuracy and convergence
speed.

Key words: target detection, optimized bounding box regression, Kullback-Leibler (KL) loss, faster R-CNN
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