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Automatic selection method of non-maximum suppression
threshold based on F1 score
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(1. College of Computer Science and Technology, Tongji University, Shanghai 201804, China; 2. Key Laboratory of Embedded Sys-
tem and Service Computing of Ministry of Education, Tongji University, Shanghai 201804, China)

Abstract: The filtering threshold of the traditional non-maximum suppression (NMS) algorithm is artificially set.
However, the improper selection of the threshold may result in leak and error detection. When applying the NMS al-
gorithm, the optimal threshold for all images differs because the information obtained from the image itself changes.
Given the aforementioned problems, we propose an automatic selection method of the NMS threshold based on the F1
score, which comprehensively considers the accuracy and recall rates of the detection algorithm and selects the best fil-
tering threshold based on the highest F1 score to establish a relationship map. Experimental results show that the im-
proved version of the NMS algorithm proposed in this study enhances the detection accuracy mAP value by 1.1%. Com-

pared with the existing advanced algorithms, the proposed algorithm has been proven to be more effective.
Keywords: computer vision; object detection; non-maximum suppression algorithm; convolutional neural network; deep

learning; detection boxes; F1 value; self-adaptive algorithm
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