2022 &£ 11 A
Nov. 2022

F12% FUH ] BT E N E KA
Vol.12 No.11 Intelligent Computer and Applications

X EHE . 2095-2163(2022)11-0071-08 FE %S TP391 XHEkFRER: A

SECU-Net: —fh %54 SE 0 CRF B & Bk 5% Bl & 45 ) M 2%

PR e, BFME, BXE, K #
(TBMKZE KBIESEETEFMR, HFH 550025)

B OE: BRI —RTIZ 0 FTREEGAT IO . BH0E B IR kL5 T SR HE A TR R AR AL A SRR A, AS SO —Fh
T B2 o kb 73 B R (SECU-Net) | iZ BSR4, & B FR A" HL ( Squeeze and Excitation, SE) I3 A5/ HHLI% ( Con-
ditional Random Fields, CRF) fift 7315 AL B, & — Pl A 3 R AL BN Ao 22 9 46 O TR E 27 ) 73 HIHEZR . SECU-Net il id SE
AR A 0 3 2 ) R EL AR | 1 17 A v TE R RV, [R] CRF 50 U—Net 192 rh o 2] 5 64 nT 1 25 )2 3 i
XIARARAR R IEAT AL, FA A R M A 1R 3R R R D OB AR R R 28, 7 A 5 G ALSE AR AE — B S5 A A o AR 3G i
TEBA HRA 1SIC2017 Sz R Kt fe b A i, Sgn s SRR W, SECU-Net 5 H & B R BIRORUA HL A7 A RORICR
KA W SR RIS 5 E]; U-Net; SE; CRF

SECU-Net: A skin disease images

segmentation network combining SE with CRF
CHEN Xuan, CAI Yujia, RAN Wenbing, ZHANG Li
(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] Skin cancer is a widespread and potentially fatal disease. Aiming at the characteristics of low contrast between the skin
lesions and background, and large variation in area and shape, this paper proposes a new segmentation model for skin lesions
(SECU-Net) , which combines the " Squeeze and Excitation" mechanism ( Squeeze and Excitation, SE) and introduces Conditional
Random Fields (CRF) for post-segmentation processing. The proposed model is a deep learning segmentation framework that
incorporates probabilistic graphical models into neural networks. SECU — Net adaptively recalibrates the channel characteristic
responses by modeling the interdependencies between channels through the SE module. Meanwhile, as an end—to—end trainable layer
in the U-Net network, by modeling adjacent pixels, the pixels of the same attribute are assigned to the same label with maximum
probability, and produces structured output that is consistent with the visual features of the image. In this paper, by testing on the
challenging ISIC2017 skin disease dataset, SECU~-Net has better results than other medical images segmentation models.
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Tab. 1 Performance comparison of different network structures
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