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Traffic sign recognition algorithm based on depthwise
separable convolutions

YANG Jin-sheng, YANG Yan-nan” , LI Tian-jiao
(School of Microelectronics » Tianjin University , Tianjin 030072, China)

Abstract: In order to solve the problem of low precision detection for small and medium-sized targets
in the real-time traffic sign recognition, a lightweight traffic sign detection network based on
YOLOv3-tiny depthwise separable convolution is proposed. In this paper, a deep separable
convolution module is constructed by using deep separable convolution instead of the common convo-
lution to construction feature extraction network, the feature information of small and medium-sized
targets is better extracted under the premise of ensuring the calculation amount.At the same time, the
multi-scale feature fusion network is improved to improve the detection accuracy of small and medium-
sized traffic signs. The h-swish activation function is used to reduce the image features lost due to the
increase of the number of network layers, and the detection of multiple types of traffic signs is real-
ized. The experimental results show that the algorithm effectively improves the detection of small and
medium-sized traffic signs. Warining, mandatory and prohibitory traffic signs are detected on the veri-

fication set. The detection accuracy (AP) is 98.57%, 96.03% and 98.04% respectively. The average
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detection accuracy (mAP) was 97.54% and the detection speed was 201.5 f/s. The average accuracy

was 14.01% higher than that of YOLOv3-tiny. The algorithm effectively improves the detection accu-

racy under the premise of ensuring low calculation of light network and good timeliness of detection.
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Tab.1 Feature extraction subject network

Type Filters Input Output

Conv 32 416X 416 X3 208X 208 X32
Depthwise Conv 32 208X 208X 32 208X 208X32

Conv 64 208X 208X 32 208X 208 X 64
Depthwise Conv 64 208 X208 X 64 104 X104 X 64

Conv 128 104 X104 X 64 104 X104 X128
Depthwise Conv 128 104 X104 X128 104 X104 X128
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Type Filters Input Output
Conv 128 104 X104 X128 104 X104 X128
Depthwise Conv 128 104 X104 X128 52X52X128
Conv 256 52X52X128 52X 52X 256
Depthwise Conv 256 52X 52X 256 52X 52X 256
o Conv 256 52X 52X 256 52X 52X 256
Depthwise Conv 256 52X 52X 256 26 X26 X256
Conv 512 26X26 X256 26X26X512
) Depthwise Conv 512 26X26 X512 26X26X512
o Conv 512 26X26 X512 26X 26 X512
Depthwise Conv 512 26 X26 X512 13X 13X512
Conv 1024 13X13X512 13X13X1 024
Depthwise Conv 1024 13X13X1 024 13X13X1 024
e Conv 1024 13X13X1 024 13X13X1 024
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Tab.2 Comparison of floating point calculation amount

Depthwise Separable Conv

Input Output Standard Conv Compression Ratio
Depthwise Conv  Pointwise Conv Total
52X52X64 52X52X128 0.006 0.044 0.050 0.399 0.125
26 X26X128 26 X26X256 0.003 0.044 0.047 0.399 0.118
13X13X256 13X13X512 0.002 0.044 0.046 0.399 0.115
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Tab.3 Performance comparison of different algorithms

mAP/ % Warining/ % Mandatory/ % Prohibitory/ % KR /(s Y)
YOLOv3 98.87 99.48 98.97 98.17 33.8
YOLOv3-tiny 83.53 88.83 83.60 78.18 208.3
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Fig.9 Detection effect chart of various algorithms
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