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Traffic sign detection algorithm based on improved Faster R-CNN
LI Zhe", ZHANG Hui-hui, DENG Jun-yong

(School of Electronic Engineering , Xian University of Posts

and Telecommunications, Xian 710121, China)

Abstract: Aiming at the problems of complex background and small traffic sign target in large view
traffic scene, an improved Faster R-CNN detection network algorithm is proposed. Firstly, the deep
residual network ResNet50 is used as the backbone network to extract the features of traffic signs.
Secondly, the strategy of using reasonable scale sliding window on two different level feature maps is
designed to generate the target proposal region to enhance the detection ability of multi-scale traffic
signs. Finally, the attention mechanism module is introduced into the residual block to strengthen the
key information of the image and suppress the image background information. The validity of the algo-
rithm is verified on the Chinese traffic sign dataset, with an average detection accuracy of 98.52% and
a detection rate of 0.042 s per image. The detection effect of the improved algorithm is obviously bet-
ter than the original Faster R-CNN detection method, and is more suitable for traffic sign detection in
complex scenes, with strong robustness.

Key words: traffic sign detection; Faster R-CNN; residual network; target proposal region; attention mecha-
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Tab.1 Comparison of test performance results

Method Direction(AP)/% Caution(AP) /% Prohibition (AP)/% mAP /% Time/s ¢« I§ !
Faster R-CNN 92.41 92.23 92.44 92.36 0.056
ResNet50 + MS-RPN 96.41 96.45 96.68 96.18 0.042
ResNet50+ MS-RPN+CBAM 98.34 98.86 98.36 98.52 0.042

R T E B R R A S i L R B 3 Bk B
AR 2Rk B I 4 T e AT A 3 b A A A N &
A 8 Frac. A 8Ca).(b) . () THI, M43

bra& H bR 3 /NI, B Faster R-CNN 81k 17 76 ™
B U R B 4, 1 ek S Y O ik T LUOKS B M AS
H/NEARZERRE . HE 8D, () (DI LLE
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Fig.8 Comparison of test results of some samples
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Tab.2 Comparison table of test results of each experimental method

Method Datasets Direction(AP)/ %  Caution(AP) /%  Prohibition (AP)/% mAP /% Time/s « g !
LBP+SVM 88.69 88.65 88.67 88.67 0.13
SSD 93.75 93.27 94.05 93.69 0.028
TSDD
YOLOv3 93.41 9.12 94.89 94.14 0.026
AR SCTT Ik 98.34 98.86 98.36 98.52 0.042

(a) IR R (b) LBP+SVM& I 5 R
(a) Original image (b) LBP+SVM detection result

i T

(c) SSDEM SR (d) YOLOV3faHl 45 R () FTTHEIRMEE R
(c) SSD detection result (d) YOLOv3 detection result (e) Detection result in this paper
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Fig.9 Test result diagram of each method
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