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Abstract: The presence of smoke can cause the damage or loss of image target information. In view of the
local nature of smoke in the scene, a smoke removal precheck mechanism based on the target detection
Yolov3 algorithm is proposed in this work, that is, a precheck mechanism is added in the smoke removal
process to realize the directional removal of smoke on the smoke image, improve the efficiency of smoke
removal and avoid the impact of smoke on the non-smoking area. Different from the existing deep learning-

based defogging methods for visible images, this method takes four polarization images as network input,
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and uses multi-scale attention adversarial network to extract the polarization information of the target in the
smoke area, so as to alleviate distortion and enrich the structure and detail information of the target after
smoke removal. Qualitative and quantitative experimental results on real data sets show that the proposed

algorithm can effectively improve the smoke removal effectiveness and efficiency of polarized images.

Key words: image smoke removal; convolutional network; polarization image; multi-scale; attention

mechanism; adversarial network
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Fig. 1  Flow chart of local smoke removal
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Fig.2  Multi-scale attentional adversarial network
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Table 1 Location index of crater smoke area

Method mAP Precision/% Time/s
Yolov3 85.09 93.5 0.112
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Table 2 Quantitative comparison of global PSNR and SSIM

Method PSNR SSIM Time/s
GCANet 26.69 0.792 0.741
FFANet 26.91 0.804 2.540
Ours 28.51 0.866 1.694
Yolov3 + GCANet 27.13 0.832 0.352
Yolov3 + FFANet 2742 0.875 0.972
Yolov3 + Ours 29.22 0.915 0.719

243 BIE AT
K T TR AL 1) ) JR0 35 22 IR SR s i, bR T TR XA B AR AN AR, 42 R B 4% PSNR 5 SSIM $5 b it



%2 ) PR, A5 T T L] A fh ik B 1R 25 MRT 7 115
PN IR 2 1 BE R ZE AR, BRI 1 R B E B4 R . H Yolov3 il 1o 2% 15 2 0 [X T8 Rz AR AR, b Aseier I X 45k i)
JRy 25 0 P 5 B S 3 s IR LR AL ¥ PSNR 5 SSIM, 45 AR 3 s . BRI A, R 48 hn R AR X 42 JR)
(3 2) A PR, (5 2 R 8 710 P 45 AH 4 GCANet.FFANet [ 2% 15 Jay #ifa bn e 0 _EATS A2 B i 1

#3 BE3FPSNR 4= SSIM & & tb4z £

Table 3 Quantitative comparison of local PSNR and SSIM

Method PSNR SSIM
Yolov3 + GCANet 24.96 0.733
Yolov3 + FFANet 26.42 0.819

Yolov3 + Ours 27.78 0.848
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Fig.4 PSNR iterative graph of multi-scale attentional adversarial network with single-channel 7 image input and

four-channel 7, Q, U, P image input
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Table 4 Ablative analysis

Method PSNR-/ PSNR-IQUP
BaseNet 24.48 24.83
BaseNet + Multi-scale attention 26.29 27.32
BaseNet + Multi-scale attention + Gan 27.27 28.51
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Fig. 5 Comparison of smoke removal effect. (a) Input image; (b) true image; (c) input / image de-smoking effect;

(d) input 7, O, U, P image de-smoking effect
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Fig. 6 Smoke detection results of Yolov3
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Fig. 7 Smoke removal effect of different smoke removal networks based on precheck mechanism. (a) True image; (b) smoke

removal effect of GCANet; (c) smoke removal effect of FFANet; (d) smoke removal effect of multi-scale attention adversarial network
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