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Tab.2 Sample graph statistics
bR Ji i

a b c d
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S
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H

Mask R — CNN 5 2 2 1
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R
Zgﬁp% YOLOV3 942 99.5 99 100

)./ %0
Mask R — CNN 98.3  99.9 100 100
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Tab.3 Test results of three methods

i mAP/ % B ITmE /s
Faster R — CNN 91.66 2.9
YOLOv3 97.84 0.3
Mask R — CNN 98.33 3.8

%4 Mask R - CNN &l 45 R
Tab.4 Mask R — CNN test results
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Detection and recognition of road traffic signs in
UAY images based on Mask R - CNN

CHEN Pengdi' , HUANG Liang'”, XIA Yan', YU Xiaona', GAO Xiaxia'
(1. Faculty of Land Resource Engineering , Kunming University of Science and Technology, Kunming 650093, China;

2. Surveying and Mapping Geo — Informatics Technology Research Center on Plateau Mountains of
Yunnan Higher Education, Kunming 650093, China; 3. Kunming Vocational and
Technical College of Industry, Kunming 650093, China)

Abstract: The detection and recognition of traffic signs is an important part of the intelligent driving navigation

system. However, due to the shortcomings of low accuracy, high time complexity and poor robustness , the

traditional method cannot meet the current needs of intelligent driving. Therefore, a method for detecting and

recognizing road traffic signs of UAV images based on Mask R — CNN is proposed. Firstly, a set of high — quality

UAV images road traffic sign data sets are produced. Then, based on the statistics of 200 labeled landmarks

features , the region proposal network (RPN) structure anchor boxes width — to — height ratio and initial parameters

in Mask R — CNN are improved to make it better applied to UAV images road sign scenes . Finally, the precision —

recall (PR) curve and mean average precision (mAP) are used for accuracy evaluation. The experimental results

show that the anchor boxes width — to — height ratio is better when the ratio is 1:1, 1:2, 1:3; and that the average

detection accuracy obtained by this method is 98.33% , which is higher than the accuracy of Faster R — CNN and

YOLOv3, indicating better effectiveness.

Keywords: UAV images; traffic sign detection ; traffic sign recognition ; Mask R — CNN; RPN; anchor boxes
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