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Improved traffic sign recognition algorithm based on YOLO v3 algorithm
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(1. Chengdu Institute of Computer Application, Chinese Academy of Sciences, Chengdu Sichuan 610041, China;
2. University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: Concerning the problems of large number of parameters, poor real-time performance and low accuracy of
traffic sign recognition algorithms based on deep learning, an improved traffic sign recognition algorithm based on YOLO v3
was proposed. First, the depthwise separable convolution was introduced into the feature extraction layer of YOLO v3, as a
result, the convolution process was decomposed into depthwise convolution and pointwise convolution to separate intra-
channel convolution and inter-channel convolution, thus greatly reducing the number of parameters and the calculation of the
algorithm while ensuring a high accuracy. Second, the Mean Square Error (MSE) loss was replaced by the GloU
(Generalized Intersection over Union) loss, which quantified the evaluation criteria as a loss. As a result, the problems of
MSE loss such as optimization inconsistency and scale sensitivity were solved. At the same time, the Focal loss was also
added to the loss function to solve the problem of severe imbalance between positive and negative samples. By reducing the
weight of simple background classes, the new algorithm was more likely to focus on detecting foreground classes. The results
of applying the new algorithm to the traffic sign recognition task show that, on the TT100K (Tsinghua-Tencent 100K)
dataset, the mean Average Precision (mAP) of the algorithm reaches 89% , which is 6. 6 percentage points higher than that
of the YOLO v3 algorithm; the number of parameters is only about 1/5 of the original YOLO v3 algorithm, and the Frames
Per Second (FPS) is 60% higher than YOLO v3 algorithm. The proposed algorithm improves detection speed and accuracy
while reducing the number of model parameters and calculation.

Key words: traffic sign recognition; YOLO v3 algorithm; Generalized Intersection over Union (GIoU) ; depthwise

separable convolution; loss function; Focal loss
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pl70 50. 30 81.16 87.07 86. 40
pm55 65. 50 78.02 86. 20 88. 65
i1100 71.22 96. 26 99. 42 99.18
p27 70. 30 90. 28 91.44 94. 61
wl3 41.49 69.93 76. 14 86. 40
pl19 68. 46 83.37 89. 60 87.59
ph4 53.66 60. 24 72. 40 76. 40
phs 40.71 58.20 69. 24 74. 67
Wo 38.59 35.74 58.65 59. 61
po6 48.94 62.22 66. 09 85.33
pm30 55.12 80. 57 85. 43 89. 06
w32 60.72 80. 64 87.54 91.87
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Tab. 3 Comparison of overall detection performance of four algorithms

=73 mAPI%(IoU=0. 5) FPS  AK/NVMB
SSD300 63.71 42 97.3
YOLO v3 82. 40 7.5 236
Faster R-CNN 86. 90 0.6 181
IYOLO 89. 00 12 48.1
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