55 40 %5 4 W1 #=H 25 p M Vol. 40 No. 4
2023 44 H Control Theory & Applications Apr. 2023

FSNet: F T3 K51 1M 55 B AR 20 3 P 2%

RAERE, T ALY, FIREE, WIKST, B MR, GKE !

(1. AR EE T2 5 SRl 5 TTREARe, WAR fmFH 414006; 2. THEE KA HENMLAARE, R KV 410083)

T I MG o B2 5 0 3k AT 1R 1) 5 R v 5 o7 A S A, A K O T ) B B R B TSR B 4y B AR
F R G3F DA B 30 AN RS (1) 10 80, AR SCHR HH — o 2 T AR 43 BRI (V000 25 UG 0 U 9 445, BT HE (R AT s A
YO REAE B AP AR 55 X 85k 40 85 AT AT 26 38 3 RN s A0 S350 4, RIS 31 2 AT 45 5 ) Wi 2 BB E 5 38 B4 2k
BB AR B AR A i W 2 3, AR BN 5500 S AN B 5 R Ak oy 21 45 SRR kA, 45 A T AR
25 R HH ot 11 2 VR 23 ) 4 B VA BB DA e A5 S5 ) ) SR AR AR SR IR 22 1) il . 555 L 51236 o, FSNet (1)
JH 55 A H L T76.55%, LLREZ 2415 1 4.25%. AIARAG 3 #1455 7T LLE H, FSNetfe i S il o &1 R &), Frfs
R 55 300 G BESP, H 25 R 2 B R R A I RESRAS KR Tt

FHRIA): NS B s TR, AT A 1) & AL AT 455 30 IRE )

SIS RAENME, (Thh, fi 12 5%, 5. FSNet: & TS Fr M 1 0 55 5 70 B 4% 12 il 3118 5 N, 2023, 40(4):
702 -712

DOI: 10.7641/CTA.2022.10857

FSNet: A network for smoke image segmentation based on
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Abstract: Smoke image segmentation is the basis of smoke recognition and accurate localization, and is an impor-
tant tool for fire warning. In existing algorithms for smoke image segmentation, there are some problems such as over-
segmentation, under-segmentation, and rough boundary fitting. To mitigate these problems, a smoke image segmentation
network based on the frequency separation characterization called as frequency separation network (FSNet) is proposed
in this paper. The proposed frequency separation module divides the feature map of smoke region into a main body of
low-frequency and a boundary of high-frequency. Also, a multi-module loss function with adaptive weights based on the
multi-task learning is designed to learn the features of main body, boundary and whole smoke region under the supervision
of the loss, refining the smoke boundary and improving the overall segmentation results of the smoke image. In addition, a
modified atrous spatial pyramid pooling module is proposed to solve the problems of low information utilization and poor
feature correlation by combining the deformable convolution. In the comparison experiments, the intersection over union
(IoU) of FSNet is 76.55%, which is 4.25% higher than the baseline network. The visualization results show that the FSNet
can effectively mitigate over-segmentation and under-segmentation, which helps to obtain smoother smoke boundary and
significantly improves the overall performance of smoke image segmentation.
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Fig. 8 Visualization analysis
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Fig. 9 Comparison of different network segmentation results
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