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Fog image segmentation based on improved DeepLabv3 Plus
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(1 School of Mechanical and Automotive Engineering, Shanghai University of Engineering Science, Shanghai 201620, China;
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[ Abstract] In view of the time —consuming and denting of the traditional fog image segmentation algorithm, a fog image
segmentation algorithm based on DeepLabv3 plus is proposed. The improved algorithm replaces the Backbone of DeepLabv3 plus
original structure encoder with a lighter Mobiletv2 network, redesigns the feature fusion structure of the decoder, introduces the
attention channel module, edge refinement module, and obtains the fog image segmentation network with the best segmentation
effect through ablation experiment. Experimental results show that the MIOU of the improved algorithm can be 90.31% , which is
better than the DeepLabv3 plus algorithm based on ResNet101, and the segmentation speed is improved by 57.26 percent and the
model capacity is reduced by 92.62 percent.
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Tab. 1 Hardware and software environment configuration

AR AR

CPU Intel Core 19-9920X
GPU Nvidia GeForce RTX 2080Ti1
0s Ubuntu 18.04

CUDA 10.0

Cudnn 7.6

Python 3.7

Pytorch 1.0

Image 8.1.0
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Tab. 2 Super parameter setting
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Tab. 3 Comparison of the segmentation performance of the Deeplabv3 plus basic model with different backbone networks and feature fusion

Group Backbone Loss Layer Channel MIoU Weigh/ M Parameters/ Million  Time/ s
1 ResNet101 CE 4 2048 90.11 183 42.649 2.616 8
2 Xception CE 4 2 048 90.53 215 54.608 3.8176
3 MobilenetV2 CE 4 1280 90.06 19.4 6.986 1.5289
4 MobilenetV2 CE 4 320 90.00 14.3 4.907 1.228 4
5 MobilenetV2 CE 4.8 320 90.06 14.4 4.916 1.395 6
6 MobilenetV2 CE 24,8 320 90.23 14.4 4.918 1.753 8
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Tab. 4 Ablation experiments
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Tab. 5  Comparison of performance of different segmentation
models
Weight/ Parameters/  Time/
Model MIOU
M Million s
FCN8s 89.63 80.5 20.1 1.157 6
UNet 82.87 138.2 34.5 1.932 0
NestedUNet 90.31 36.7 9.2 2.766 9
Fusionnet 88.65 326.9 81.7 6.682 6
SegNet 90.23 117.9 29.4 1.777 5
Large_
Kernel _ 90.08 233.8 58.3 3.280 2
Matters
ExFuse 90.09 344.9 86.0 3.3255
DFN 90.24 351.4 87.7 3.589 1
PSPNet 90.21 262.9 65.6 2.559 3
DeepLabv3++ 90.31 13.5 4.6 1.118 4
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