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Abstract: The accurate segmentation of the smoke in industrial smoke pollution level monitoring is an important pre-
requisite for pollution level determination. The typical challenges in feature extraction of smoke include blurred edges,
difficult extraction of edge directional detail information and inaccurate segmentation. In this study, a frequency domain
multi-directional C-UNet (Contourlet U-Net) and dynamic loss industrial smoke image segmentation method is proposed,
aiming to provide support to overcome these problems. Firstly, the contourlet multi-directional decomposition down-
sampling structure is constructed to enhance the ability to extract edge direction information of smoke in the encoding
stage. Secondly, the contourlet transform is used to extract detailed information on the eight edge directions of smoke for
skip connections, improving the accuracy of detail information expression during continuous sampling. Then, the con-
tourlet detail reconstruction up-sampling structure is constructed to enhance the recovery ability of edge detail information
of smoke in the decoding stage. Finally, a dynamic weighting strategy is proposed to construct a combined loss function
to optimize the training network and enhance the network’s ability to extract smoke edge features. The results show that
compared with U-Net and other similar methods, the proposed method has a better improvement in indicators, improves
the accuracy of smoke edge segmentation, and the segmentation effect on different smoke scenes is better than the existing
segmentation model.
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Table 2 Comparison of network structure evaluation in-

. AN
diad ad ol ad ol 2
e RAGIRIRILIES
uﬂﬂﬂﬂﬂﬂ

K 4 M2 SE RISt R LE

Fig. 4 Comparison of network structure before and after improvement
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Table 3 Comparison of loss function evaluation indexes
15ERY R p j(0]8] DSC F1
CEL®! 09212 0.8583 0.7984 0.8751 0.9079
SSIMLPY  0.0842 0.0249 0.0143 0.0279  0.0570
FLI! 0.9288 0.8004 0.7528 0.8480 0.8999
=06 09248 0.8507 0.7948 0.8735 0.9090
B=07 0928 0.8517 0.7976 0.8755 0.9123
=08 09260 0.8501 0.7950 0.8741 0.9097
(0.2,0.6] 0.9330 0.8438 0.7937 0.8723 0.9137
(0.3,07] 09375 0.8451 0.7989 0.8770 0.9174
(0.4,0.8] 09316 0.8521 0.7996 0.8778 0.9146
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Fig. 5 Comparison of experimental results of loss function
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Table 4 Comparison of evaluation indicators of different network models indifferent scenarios

b5 PR 2557 R P 10U DSC F1
FCN[6! 0.8263 0.8660 0.7407 0.8250 0.8340
U-Net!!! 0.8635 0.8715 0.7749 0.8524 0.8651
ResNet!?”! 0.8242 0.8486 0.7273 0.8200 0.8290
PSPNet!2®) 0.8525 0.8613 0.7552 0.8387 0.8543
Deeplabv3+?! 0.8719 0.8558 0.7610 0.8466 0.8686
DA-Net?" 0.8788 0.8479 0.7619 0.8450 0.8724
2 (i 7Ry W-UNet*!! 0.8660 0.8605 0.7608 0.8426 0.8649
SE-DUNet!*? 0.9073 0.8543 0.7882 0.8673 0.8962
Kidney-SegNet3! 0.7760 0.7561 0.6172 0.7351 0.7719
I-BiSeNet!*# 0.8746 0.8539 0.7684 0.8522 0.8704
W-Net!!?! 0.9098 0.8619 0.7915 0.8712 0.8998
Xk 0.9345 0.8609 0.8115 0.8844 0.9188
FCN'?0! 0.8636 0.8360 0.7451 0.8356 0.8579
U-Net!™! 0.8783 0.8301 0.7492 0.8428 0.8682
ResNet?”! 0.8744 0.8136 0.7301 0.8353 0.8615
PSPNet!?®) 0.9008 0.8303 0.7543 0.8527 0.8858
Deeplaby3+?! 0.9082 0.8197 0.7551 0.8534 0.8890
DA-Net!3" 0.9088 0.8178 0.7548 0.8516 0.8890
SR W-UNet?! 0.9295 0.8224 0.7724 0.8645 0.9059
SE-DUNet*?! 0.9414 0.8193 0.7761 0.8696 0.9142
Kidney-SegNet!*! 0.8216 0.6857 0.5783 0.7180 0.7903
I-BiSeNet!*# 0.9327 0.8240 0.7744 0.8675 0.9087
W-Net!!3! 0.9405 0.8204 0.7762 0.8690 0.9138
AT 0.9642 0.8057 0.7796 0.8719 0.9277

#HTN)
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(#FELEW)
FCN?6) 0.8097 0.8146 0.6878 0.7871 0.8107
U-Net!!) 0.8880 0.7747 0.7009 0.8061 0.8628
ResNet?! 0.8196 0.7724 0.6726 0.7809 0.8097
PSPNet!28 0.8236 0.7876 0.6887 0.7916 0.8161
Deeplabyv3+2”! 0.8539 0.7567 0.6648 0.7687 0.8325
DA-Net3? 0.8501 0.7606 0.6724 0.7748 0.8305
FHR = W-UNet3!! 0.9042 0.7786 0.7140 0.8190 0.8759
SE-DUNet*?! 0.9190 0.7513 0.7011 0.7970 0.8798
Kidney-SegNet!**! 0.7507 0.6614 0.5224 0.6635 0.7309
I-BiSeNet?*# 0.8624 0.7803 0.7075 0.8104 0.8446
W-Net!!¥! 0.9299 0.7484 0.6975 0.7961 0.8869
AT 0.9498 0.7525 0.7170 0.8120 0.9025
FCN[! 0.8033 0.7708 0.6590 0.7659 0.7966
U-Net!"! 0.8430 0.7752 0.6797 0.7949 0.8286
ResNet!?] 0.8171 0.7596 0.6455 0.7764 0.8049
PSPNet!?®! 0.8413 0.7886 0.6755 0.7960 0.8302
Deeplabv3+2"! 0.8657 0.7780 0.6887 0.8074 0.8466
DA-NetB” 0.8712 0.7464 0.6739 0.7914 0.8430
/NEARIRE 5 W-UNet*! 0.8968 0.7647 0.7023 0.8147 0.8669
SE-DUNet!*?! 0.9113 0.7581 0.7073 0.8202 0.8759
Kidney-SegNet**! 0.8018 0.5920 0.5034 0.6473 0.7487
I-BiSeNet!** 0.8889 0.7642 0.6927 0.8107 0.8608
W-Net['?! 0.9373 0.7533 0.7142 0.8277 0.8937
KX Hik 0.9515 0.7514 0.7204 0.8341 0.9034
FCN?6) 0.7977 0.8240 0.6633 0.7809 0.8028
U-Net!! 0.8723 0.8072 0.7125 0.8204 0.8584
ResNet?! 0.8137 0.7651 0.6528 0.7706 0.8035
PSPNet!28 0.8403 0.7711 0.6828 0.7899 0.8256
Deeplaby3+”! 0.8223 0.7999 0.6653 0.7835 0.8177
DA-Net3? 0.8868 0.7766 0.6976 0.8105 0.8623
A= W-UNet3! 0.8726 0.7842 0.6957 0.8104 0.8533
SE-DUNet3?! 0.9239 0.7672 0.7152 0.8255 0.8877
Kidney-SegNet!**! 0.7091 0.6751 0.4897 0.6411 0.7021
I-BiSeNet?*# 0.8933 0.7809 0.7082 0.8177 0.8683
W-Net!!*! 0.9227 0.7745 0.7198 0.8265 0.8887
AT 0.9445 0.7630 0.7266 0.8320 0.9016
FCN[! 0.8984 0.8227 0.7467 0.8466 0.8822
U-Net!"! 0.9057 0.7977 0.7293 0.8327 0.8818
ResNet!?’] 0.8683 0.7875 0.7014 0.8143 0.8509
PSPNet!?®! 0.9004 0.8058 0.7351 0.8383 0.8798
Deeplabv3+2”! 0.9063 0.8014 0.7361 0.8361 0.8832
DA-NetB” 0.9359 0.7860 0.7406 0.8434 0.9015
HEER LY W-UNet*! 0.9171 0.8072 0.7437 0.8459 0.8928
SE-DUNet!*?! 0.9443 0.7925 0.7516 0.8501 0.9094
Kidney-SegNet**! 0.8392 0.7300 0.6256 0.7587 0.8148
I-BiSeNet!** 0.9215 0.7947 0.7402 0.8433 0.8930
W-Net['?! 0.9435 0.7918 0.7507 0.8488 0.9087
KX H ik 0.9570 0.7863 0.7555 0.8518 0.9172
1) 7EESIE . 57% ., T3 /N B An Fid g gem SERV AR TRT 5, X T AERI T 22 77 1) AR A 2B 1
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Fig. 6 Comparison of experimental results indifferent smoke scenes
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