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An improved deep learning algorithm for road traffic identification

HE Ruibo'?, DI Lan', LIANG Jiuzhen’

(1. School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China; 2. The 28th Research Institute
of China Electronics Technology Group Corporation, Nanjing 210007, China; 3. School of Information Science and Engineering,
Changzhou University, Changzhou 213164, China)

Abstract: This study proposes a road traffic identification algorithm based on image preprocessing and deep-learning
neural networks for complex environments. The proposed method uses not only the image segmentation technology but
also the convolutional neural network model to more accurately identify the road traffic signs. First, a complete dataset
is obtained via batch preprocessing operations, including illumination effect adjustment, complex background elimina-
tion, data enhancement, and normalization. Next, the convolutional neural network model is sufficiently trained based on
the combination of the squeeze-and-excitation network and residual network structure concepts. Finally, the optimized
network model is used to identify the road traffic signs. The experimental result shows that the proposed method re-

duces the training time by approximately 12% and that the recognition accuracy can reach 99.26%.
Keywords: road traffic identification; image segmentation; convolutional neural network; complex background elimina-
tion; data enhancement; normalization; squeeze-and-excitation network; residual connection
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Fig. 5 Mask and decontextualization
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Fig. 6 Structure of the convolutional neural network
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Fig. 10 Improved road sign recognition algorithm flow using deep learning
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0.002719 93.4266 0.004 048 93.6335 0.003 141 96.5283
0.002814 93.1528 0.004 175 92.6281 0.002 101 97.2177
0.004 827 88.0827 0.003 527 90.2180 0.004282 91.8472
0.004 897 87.3413 0.003208 90.1382 0.003019 92.4582
AlexNet 0.005316 88.8632 0.004083 89.6472 0.002318 92.0069
0.003037 90.0012 0.002 544 91.0401 0.001827 93.3101
0.004096 89.0825 0.004218 89.5438 0.004 148 91.9811
0.003028 90.1058 0.005487 90.3284 0.004281 91.5287
0.004017 90.9521 0.005284 90.624 8 0.005414 90.1857
8JZ 4 0.004 857 88.7632 0.004018 91.5187 0.001217 94.0010
0.004247 89.8211 0.003 528 92.5284 0.002108 93.8284
0.003 848 89.3844 0.004281 91.2584 0.003031 93.3226
0.002561 94.1011 0.002017 95.0807 0.001727 97.9615
0.003 151 93.8217 0.003 093 93.8468 0.001958 97.766 8
AR 0.003039 93.0124 0.003442 93.7649 0.002018 97.5821
0.003096 92.7192 0.003 031 93.5246 0.003 001 96.9918
0.002189 94.2158 0.002515 94.1218 0.002364 98.0837
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Table 3 Influence of image preprocessing and residual connection on a network model (GTSRB)
JEIR R A5 Kl 5 LIS
I
BRAA HETI/% PRAA HETR/% PRAA HE /%
0.092814 83.9382 0.008 746 85.9271 0.009 894 86.2814
0.008988 85.5620 0.011276 83.5247 0.008 892 87.0185
LeNet-5 0.010205 84.5821 0.009 687 86.369 1 0.010583 86.0019
0.010018 84.6411 0.009 825 86.1827 0.009571 86.5147
0.012530 82.1582 0.009 825 85.2428 0.011759 85.4862
0.002727 94.0121 0.001978 96.2142 0.001872 97.9501
0.002715 94.7283 0.002214 95.5827 0.001378 98.2605
ResNet-50 0.002428 94.7151 0.003014 94.8517 0.001457 97.7568
0.002 823 94.2184 0.002013 96.0851 0.001311 98.6647
0.003410 93.9281 0.002401 95.4724 0.001554 98.0258
0.002979 94.0713 0.003478 94.9212 0.001 002 99.0013
0.002807 94.8411 0.002814 95.5287 0.001498 98.2605
SENet 0.003101 93.7151 0.002717 95.7547 0.002052 97.756 8
0.002914 94.2634 0.003071 95.5898 0.002118 97.6647
0.003075 93.9826 0.002401 96.480 1 0.001559 98.0258
0.003248 89.8255 0.003421 90.0785 0.002952 91.8287
0.003 180 90.2402 0.003718 90.8287 0.004 859 91.2584
AlexNet 0.002861 90.3042 0.004 182 89.9387 0.002 148 93.0019
0.003225 89.9821 0.003 655 90.0072 0.002281 92.180
0.002962 90.3902 0.004 557 89.8718 0.002 881 91.8851
0.003058 91.2827 0.004272 91.8552 0.003 048 94.5284
0.003180 91.3542 0.003229 92.4632 0.002917 93.4812
8JZ 4 0.003 055 91.2102 0.003 138 92.0439 0.003017 94.002 1
0.004 085 90.9087 0.002927 93.3847 0.002837 95.0528
0.003017 91.2921 0.004317 91.9282 0.002 827 93.9223
0.002176 96.0020 0.002488 96.2212 0.000972 99.0500
0.002707 95.8123 0.001914 96.5287 0.000198 99.2605
AR 0.002 801 95.7151 0.002418 95.8557 0.001458 98.756 8
0.002018 96.2184 0.002 041 96.5853 0.001510 98.6647
0.002675 95.9916 0.001901 96.4827 0.001 154 99.0258
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