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Skin Melanoma Image Segmentation Based on MultiResUNet-SMIS

ZHANG Chao, SONG Ya-Lin, YUAN Ming-Yang
(School of Software, Henan University, Kaifeng 475004, China)

Abstract: In order to address the problem of low accuracy of skin melanoma lesion segmentétion in existing image
segmentation methods, a MultiResUNet-SMIS method is proposed based on existing convolution neural network
methods. Firstly, according to the imaging characteristics of skin‘r‘nelanoma, the dilation convolution with different
dilation rates is introduced to replace the normal convolution, and the receptive field is expanded on the premise of the
same parameters so that the model can segment the lesion at multiple scales. Secondly, spatial and channel attention
mechanisms are added to the model to redistribute feature weights, expand the influence of features of interest, and
suppress irrelevant features. Finally, by combining Focal loss with Dice loss, a new loss function, i.e., FD loss, is
proposed to calculate the regression loss and solve the problem of unbalanced foreground and background pixels, so as to
further improve the segmentation accuracy of the network model. The experimental results show that Dice, loU, and Acc
of MultiResUNet-SMIS on the ISIC-2018 dataset have reached 89.47%, 82.67%, and 96.13%, respectively, which are
better than the original MultiResUNet and mainstream methods such as UNet, UNet++, and DeepLab V3+ in skin
melanoma image segmentation.
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Sy EE MR R R A RS, BT R RIX S
T 5 Lu ) e Ay, — 4 2858 OB R B BUIG 1 R BERLE,
T2 RPN 45 AR i ] T 1 55 X, PR 20 RS HESE . Focal
loss BB R INBOTEAHK, B R ZHIETTE D577
FA, B KFE o B X AR R S I B, T Dice
loss JBILAE A THEATR, & M 1 A REEEIR R S
LR EHTHHERUR, T%%ﬁ%ﬂ‘/ﬁﬁﬁ}ﬁh ‘

£ L DlEa, g BUESI RN

a B "Dice (%) ToU (%) Acc (%)
15 0 88.69 81.61 95.62
0.9 7 0.1 89.23 82.31 96.02
08 0.2 88.96 82.01 95.81
07 03 88.14 81.13 95.34
06 04 89.06 81.98 95.82
05 05 89.41 82.42 95.87
04 0.6 88.44 81.22 95.57
03 07 88.79 81.78 95.69
02 08 89.47 82.67 96.13
0.1 09 89.15 82.17 95.74
0 1 87.73 80.93 9531

N T AE AN [ S 7 ik e S 8 B s, Bt
TE M 2% F1 {8 B dilation.MultiRes Block. att-Block LA
J% FD loss X W 2% (R0 EAT T 5246, & WFsbr ik 2,
GrEI BN E 9. f &S TR B0 7 Dice TR %
U F6%0. Acc FaEUE5 K97 50N 89.47% 82.67%. 96.13%,
B TR A R
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RAE 2 2, 13 H LR 4518 1) W4 rb (i 23 35 A0
FEHL dilation MultiRes Block, 7EZ# & 543 228 (1) 15
LR, Dice a5 /MBS T, K2 REFEREIGE
A T FIVERE; 2) 7248 {8 I 3 AR att-
Block, Dice FeEUB AR 2 Aide sl 1.5 NME 4 A, B
SRSHCRME A BT B TF, (BT DLE 3 4 I 4 1 i, R

R R I HL B AT 2 = o BB 3) 78 W 2% v [R]
8 F AN OB ER Dice F8 5508 AT F BN BEEHAT /N
PETF, 2RO [F) 1 R S8R T A A e fi
5 4) 76 R 281 25 FD loss 225 B 3L Dice 1651
41 1 BCE loss 4512k B UCH /MESE T, 28 B Z45 2% o
KRR S T 7 A B A A P AR AE AT SR Y )

22 REBEHT LS A0

77 MultiResUNet dilation_MultiRes Block

att-Block BCE loss

FD loss (a=0.2, f=0.8)  Dice (%) IoU (%) Acc (%) Params (M)

1 N N 86.94  79.37 | 94.86 12.33
2 N N N 8743 8023 9517 12.33
3 v RN v 8846 8142  95.51 12.81
4 v v v v 1 88:92  81.84  95.68 12.81
5 N v \ 89.47  82.67 96.13 12.81

ol
iy
i | ks
E @ 1
. 4
(a) Original image (b) Ground truth (c) MultiResUNet
+dilation_MultiRes
Block

B0

(d) MultiResUNet, “(e) MultiResUNet  (f) MultiResUNet-SMIS
+att-Block +att-Block
' +dilation_MultiRes
Block

O AL

€] 9 A5 AT att-Block K bl K 76 il )
PR SR ED loss (1940 E1CR . B 9(c) 5 9(d)
953 BILE G B 5]\ 2% B att-Block ()43 %1
G LR AT R UL 2 3 T — s R L i 6
LRI 7 IX R4 43 A5 o I 8K, (L [7 e 9 A A 52
Lo 43 B X IR, att-Block Kb ny 5 B 9 24 ki
0 A B K X R, L7 SRR X 35849 0 4% R 3 R
KB, D47 1R TS B X AR A AR AL O L 1 0(e) Tt
P 2% LR o I 51\ 25 IS RS att-Block HEHe, JE
125 IR 9(b) GT UL Bems, B T3 b
X387 1 58 G v &1 9(f) 79 MultiResUNet-SMIS 73

228 W5t JF K Research and Development

75, Geig EDUE A BB GT S, X T8 5t
XA R I AL SO SE TR 3R 1 i AR ) 0,
REME I A HERf X 435 23 H X el 5 7 55 X3
332 XFLhss

F 1SIC-2018 %4 45 o UNet!”!. DeepLab
V3+1 UNet++),  Attention UNet!'®!, MultiResUNet
VRN b7 AT S5, 45 R i3k 3. MultiResUNet-
SMIS HUf5 1 AR 53 FI1EBE, Dices IoU. Acc 18454y
WIEF] 89.47% 82.67%- 96.13%, BRI T — &S
& (Params), {H Dice Tt HAh 7723 & 2-3 A
EF=¢
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i H AR SN A

K3 AFETEERA R

JTiE Dice (%) IoU (%) Acc (%) Params (M)

UNet 8621  78.18  94.82 8.64
DeepLab V3+ 87.82 8029  95.18 59.34

UNet++ 86.83  79.18  94.95 9.16
Attention UNet 87.85 8032  95.23 8.73
MultiResUNet 86.94 7937  94.86 12.33

MultiResUNet-SMIS 89.47 82.67  96.13 12.81

M 3 FTLLE H MultiResUNet-SMIS 43 #1757 144
HAhJTVETE Dice 18350, ToU 4850, Acc a3 N HAE,
5 U BIZE R 454557 UNet. Attention UNet. UNet++
ML, B EA PN, (0 Dice VRN fa b5 3A W] &
P2, 5 DeepLab V3+HH L, 782 & KilE &
TFRERIEDL T Dice TaEU A BT,

SEIG g5 R B, X b AR 77 ¥, MultiResUNet-
SMIS fefi 2 R SR IBURHE, & B8 55 B, (A AE )
2 SN T ML, e 3 B R R S, R SR
N T N2 S iR ] RS R TP S (T =1

F o |
St

»f “ %

re A‘,"" A

s

3

E
-
I/"
(a) Original image (b) Ground truth

BLE

(c) UNet

(d) DeepLab V3+ ' (e) UNet++

EKEFE. [FIN @I FD loss iR BREL, 4GB R UL AR
B, PET I AR Ay R

10 AT 5 #1245 R E7R, Bl 10(c) UNet.
10(e) UNet++3A % 0 4% 347 e5edk, AN R g f B
AGAZR 3 FHRFAE, A7 AE X9 b R 3k 1], 350 0 1
X 35k 5% 40 A kE X 4, B 10(d) DeepLab V3+X4 B 44 i3t
17 %2 R BERFAE BRI, %o BEM 10 S5 R BURK, g s 42 2
BEWILEAE B, B EIA T4 8, Wk 54y
g kb DX 3R R TS 5 X 8 & 10(f) Attention UNet i
Ty B T HL N 5 AR A Ak, Re e B I B BN 7
2 P95 A A (PO T 320 k4 B D IR
Rt ; I 10(g) MultiResUNet 43 E 7 1L 7697 1 53 1
1148 T R IR A%, AN BEVHEBf Hb 2 1998 k1 T2 AR ] 10(h)
MultiResUNet-SMIS 77 % B8 i 8 B 500 1 2 4 55
TR 2=, 2RI 23 B 38R A T HoAh 732, 43 BIRG
FE f e, SR B

- Tslole

(f) Attention UNet (g) MultiResUNet (h) MultiResUNet
-SMIS

B0 AFRTTED RIS R

4 4k

BT A BB 3 51 T 1R AFAE 1 K Ik B8 € 208 A
A3 EIRE FEAS B 1 n) @, SC A HE Y MultiResUNet-SMIS
BT, AT IRERY RS, @H T2 RES
FUE S 5IANXEZ L att-Block § K AH SCRHIE 5
e, I G DR AR 05, $2 = 4 B L SR G A T T
o A BRI 5 B4 25 iR 2L FD loss, 18 &
Focal loss 5 Dice loss, L4 R EZH S5 E S ZH %S
FEAR R, v o B ALE RE R I X L s ge 25 R R
B, SCH S VAR T VETE Dice $8%0. ToU Ta %
TERA VPN TR bR 358 BOR S . (B SREe 45 SRR W, ot

RETT 5 BURE FES A BOR ST A3 0], 7 Bt — 0 it
FRIEAN, it ) i mE R BB A 0 HE
55, g BOA 7 B, B RE B AR FUES AN E
RIS 5 U B A A AR AR DU B 2y B 55, R FD
loss BRION. 1l 55t 55 7 S5t X LU A1) SR A 11 20 HIAE 55
FERRMWTC A, A7 — P 2t Sk, 32
i ARG -G 7 FIRS L.

SE 3k

1 AR B 3RSCR, VEIL, 45, REBR B 8 BB AT 2 K BT A
Wtk R, b EEZ SR, 2019, 16(3): 28-32.
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