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ABSTRACT

To accurately identify black ice and warn the drivers of information in advance so they can control speed and take
preventive measures. In this paper, we propose a lightweight black ice detection network based on infrared road images.
A black ice recognition network model based on CNN transfer learning has been developed. Additionally, to further
improve the accuracy of black ice recognition, an enhanced lightweight network based on MobileNetV2 has been
developed. To reduce the amount of calculation, linear bottlenecks and inverse residuals was used, and four bottleneck

groups were used. At the same time, to improve the recognition rate of the model, each bottleneck group was connected
to a 3x3 convolutional layer to enhance regional feature extraction and increase the number of feature maps. Finally, a
black ice recognition experiment was performed on the constructed infrared road black ice dataset. The network model
proposed in this paper had an accurate recognition rate of 99.07% for black ice.
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Fig. 1 The Environment of Taking Images of Infrared
Road Black Ice Experiment
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Table. 1 The Number of Infrared Black Ice Road Image
Dataset

Type Black Ice Road Images Wet Road Images
Train 230 146
Test 98 62
Total 328 208
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(a) Black Ice Road (b)Black Ice Road
(c) Wet Road (d) Wet Road

Fig. 2 The Samples of the Infrared Road Black Ice Dataset.
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Fig. 5 Improved Network Model Architecture
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Table. 4 The Parameters and Computation of the proposed
Network

Layer Name Input Output | Parameters | Computation
Bottleneck3 | 56 X56X48 | 28 X28X96 | 44,082 1,397,088
Conv2d 28 X28X96 | 28 X28X96 2,592 65,028,096
Bottleneck4 | 28 X28X96 | 14X14X192| 171,072 687,960
Bottleneck4 | 28 X28X96 | 14X14X192| 171,072 687,960
Conv2d 14X14X192 | 14X14X192| 5,184 65,028,096
Conv2d 14X14X192 | 14X14X512| 13,824 | 19,267,584
Ada‘}’f;gAVg 14X14X512| 14X14X512] 0 100,352
Conv2d 1X1X512 1X1X2 1,024 1024
Total 0.25M 280M
MobileNetV2 3.4M 300M

Layer Name Input Output | Parameters | Computation
Conv2d |224X224X3|112X112X16| 432 5,419,008
Bottleneck! [112X112X16[112X112X24| 4,704 2,601,984
Conv2d |112X112X24|112X112X24| 648 65,028,096
Bottleneck2 [112X112X24| 56 X56X48 | 11,664 | 1,249,920
Bottleneck2 |112X112X24| 56X56X48 | 11,664 | 1,249,920
Conv2d 56X56X48 | 56 X56X48 1,152 | 65,028,096
Bottleneck3 | 56 X56X48 | 28 X28X96 | 44,082 | 1,397,088
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Table. 5 The Comparison of MobileNetV2 and Proposed
Model Network Performance

Network Train Train Time e
Accuracy Accuracy
MobileNetV2 97.12% 53’10 93.46%
Proposed Model 99.63% 48’52 99.07%
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