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LMSCI-Net: Lightweight multiscale channel interactive skin
lesion segmentation network

Wang Sihao Zhang Duzhen Yang Changchang
(School of Computer Science and Technology, Jiangsu Normal University, Xuzhou 221116, China)

Abstract: Accurate lesion segmentation is crucial for early diagnosis and subsequent treatment of dermatological
diseases. Existing neural networks often employ increasingly deep and complex architectures to achieve high
segmentation accuracy; however, large parameter counts and high computational costs limit practical deployment. To
address these challenges, a lightweight multi-scale channel interaction segmentation network (LMSCI-Net) is
proposed. For each input image, a lightweight multi-scale encoding module based on channel separation and
convolutional decomposition is designed, augmented by a local-global channel attention mechanism to ensure robust
feature extraction while maintaining an efficient encoder. A multi-scale channel interaction enhancement module is then
introduced to integrate multi-stage outputs and refine skip connections, providing the decoder with rich and precise
detail information. Finally, an adaptive fusion decoding module is developed to progressively restore fine-grained details
and produce accurate segmentation masks. The network is trained under a deep supervision regime and evaluated on
three public skin-lesion segmentation datasets (ISIC2017, ISIC2018 and ISIC2016) as well as the PH2 dermoscopic
image database. Experimental results demonstrate that, compared with the U-Net baseline, LMSCI-Net reduces
parameter count and computational complexity by 99.38% and 98.78%, respectively, while maintaining high
segmentation accuracy and strong generalization, thus validating its effectiveness and lightweight design.

Keywords: skin lesion segmentation;lightweighting;attentional mechanisms; multiscale feature fusion
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ation 2017) ., ISIC2018, ISIC2016, PH2 (PH2 dermoscopic
image database) #4748 & S50, LI 25 AN 7 Ak $2 H i) 488
#, ISIC2017,1SIC2018,1SIC2016 . PH2 %4 4 43 9l 40 &
2 150.2 694,900 7K1 200 5K 4 A 43 F #8657 45 1 K kR
BEL, FE T 3 AR 45 L EAT X L ST 50, B B diE SR R 7
1.5+ 1.5 1l BIBERLR] 43 2 U 2R 2 B diE 48 A3 B . A
SO AR PH2 B4R b HEAT 2 4k 5250 DL SSHIE I 45 1) 77 1k fig
H1 . B R B P BSR4 BB AE 450 pixel X 600 pixel
VL. BT IR T2, A SOk i R & 31k 256 pixel X
256 pixel K/ IFR A T AL $E 0 B B0 5% LK B % T RE AL
B 2 E P9 1 50 18 SR A5 1 1 A B 2 A

SCEG RS LT Ubuntu22. 04 #4F 24 & 2 B
fER 24 GB 9 NVIDIA RTX 3090 GPU, # &l iz 47 7F
Python3. 8 . CUDA 11. 8 .PyTorch2. 0. 1 i & ¥ 85, I &
TH A Pycharm 2022.1.2 Tk iR, Il % ik #2 o £ A
Adam W HERRALZE W b5 2% S Bl 510 ffi H
AL kA ) B AR I R E R B 100 K I /N2
23Ry 0.000 01, VNZRER B E N 150, H KN 8,
IR PR B W AL ) M A 5 25 104 A B B3 S 1 A1 11
55 TR 25
3.2 iEMiEER

ARSCRF 3 A8 12 48 F 19 98 Fn T 5 20 7 B R R
F% b o # P g 145 Dice #1LL & % (dice similarity
coefficient, Dice) . 3¢ Jf k. (intersection over union, loU) .
R K Caccuracy » ACC) , 1R 4 3l n =X (16) ~ (18) fir
/N T3 Ah AfH Params 2R S840 FLOPS R 5
BIRE RUHEAYSHBEMIT T EREYRER AN
256 pixel X 256 pixel K/ H A5 29 .

. 2TP
Dice = o p T Fp T FN (16
TP
loU = 4p T rpr PN an
TP TI
Acc TN (18)

" TP+ TN +FP +FN
HH, TP . FP FN TN 4 5483 5 80 M L B FE 1
B BB
3.3 >tk
R T B R AR SO AL A A B FEAR R B R T i
Bl U-Net' ., Attention U-Net™, TransUNet"", Swin-
Unet™ | Hiformer™!, MALUNET'"" | DCSAUNet"*" |
EGE-UNet" .CMUNeXt™* | GA-UNet"" 1% £ i 4 E|
26 U 45| B 2 AR A H) G S I 45 RN Ak % 7
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ISIC2018.ISIC2017 . ISIC2016 =AM/ FF 14 F2 ik o5 28 B i 42
AT X R S T RO 4% B o B RE SR AR N SR 1.2 B
7~ IR 7 el s TR R R AL .

R 1 ISIC2017 EBEEBIEIRHE
Table 1 Segmentation results for each model
on the ISIC2017 dataset %

Biml  Params/M FLOPS/G  IoU  Dice  Acc
UNet 32.08 50. 75 75.53 86.06 94.84
AttUNet 34. 88 66.63 84.29 91.47 96.74
TransUnet  54. 86 9.376 83.23 90.85 96.56
Swin-Net 41. 34 8.69 82.24 90.25 96.25
MALUNET  0.175 0.083  82.88 90.64 96.41
DCSAUNet 2.6 6.92 82.95 90.68 96.45
Hiformer 25.51 51.0 85.38 92.11 96.97
EGE-UNet 0. 045 0.072  83.69 91.12 96.56
CMUNeXt 3.15 7.42 84.10 91.36 96.74
GA-UNet 1.92 4.46 84.86 91.81 96.93
LMSCI-Net 0. 20 0.62 85.24 92.03 96.95

i 1 Al & A SO 45 LMSCI-Net 78 % 8 16 it
25 T4 F) M RE 48 AR b0 AR B 7E ISIC2017 ol 4R b
Dice, IoU, Acc $& #% 43 5 i% 3] T 85.24% . 92.03%
96. 956 » A B R AN 1138 2 4= B 4y 4R HIE 1M A 1 G
WL AHEE T2 U-Net MK SEE TR E 448 155
FEAIC T 99. 38 %A1 98. 78 %, 5 A M 2% Hiformer #H L . 53
RS ERMKEHESKRBENITEENE Lo BEKT
99. 22 % Fi1 98. 79% , Hiformer 3& T transformer 2244 31 %
BT BN AR 2% v e R R AE f S ML AE o EI R RE B AT
AR ER AL S, HV ORI T TR & 2R

T U BRI K454 i) U-Net fl AttUNet 5 & Z 81
T E SR FH A B GE A AR S A IR AR 2R BH Gl A A
B 2 PR TE B Y 8RR JF SRR A R M AR AV 4R T ST &5 51
I T4y, AR SC R 45 LMSCI-Net 78 4 5 &8 43 H R H #%
1 R (EE RS 2 RS (R B UL R (EE M 38 5,
T T R, R IRS KB B T’
T g kb A R A R

AH4 T DCSAUNet, CMUNeXt, GA-UNet % 26 4% 5
AUAR Y, A% SRR TR B 8 a5 A 48 A% 245 2042 - T AR
BT MALUNET,EGE-UNet j% 258 72 & fb AR A8, A Sc W)
LM I S RO R 2% L E 3 e AR ok i AS B3R
AR S TFBEREEN MK SRR Z AR E ., #
T BE YR T R OR A M R R — A B Y O R, AR S0 4%
LMSCI-Net 73X 77 IS T H AL .

2 BN T AWM AE 1SIC2016 F1 ISIC2018 K4k &
Y g5 R, AR SR 4% LMSCI-Net (9 ToU {8 % %
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84. 49 % 1 81. 05% ., Dice fHiEH] 91. 60% F 89.53% ., Acc
fHakE] 95. 82 % Ml 95. 50% . WA T B At ™M 45 Hiformer {H
KRIEEWAD T SHEMITHE RE, MK TEREMNE%
EGE-UNet, ¥ /> & S Mt B 2 2 E, f U &
1.27% 1 1. 03% ., Dice #2715 0.76% Hl 0.63%, Acc #£ &
0.36% Fl1 0. 24 % , LMSCI-Net [ £ 758 3555 125 20 0K 1 4
[ B R KR AR T AR B S 80 T 5 B A

£ 2 ISIC2016 #0 ISIC2018 | & #& B 5 kR £ 4R

Table 2 Segmentation results for each model on the
ISIC2016 dataset and ISIC2018 %

ISIC2016 ISIC2018

e A
- ToU Dice Acc ToU Dice  Acc

UNet 73.44 84.68 92.49 76.25 86.52 94.29
AttUNet 82.61 90.48 95.27 79.73 88.72 95.09
TransUnet 82.87 90.63 95.27 79.32 88.47 95.06
Swin-Net 83.16 90.81 95.30 78.62 88.03 94.93
MALUNET 83.47 90.99 95.52 79.43 88.54 94.99
DCSAUNet 81.92 90.06 95.01 80.34 89.10 95.32
Hiformer 85.10 91.95 95.92 82.12 90.18 95.75
EGE-UNet 83.22 90.84 95.46 80.02 88.90 95.26
CMUNeXt 83.54 91.03 95.66 79.27 88.43 95.05
GA-UNet 83.49 91.01 95.58 80.40 89.14 95.31
LMSCI-Net 84.49 91.60 95.82 81.05 89.53 95.50

Shy T 2 B A AR A A T b B
6 1 7 WAL JE R T K Ground Truth &% . 41K
44 AE 1SIC2016, ISIC2017 F1 ISIC2018 % 4 £ 4 43 s 4t 1&]
b o E25 R EAG B rh R AT R — Bl ), B FROR
T FH B ASERY T T T X3k 0 U R DX R YRR IR A

. AR GT Unet
Original images

AttUnet

DCSAU-
TransUnet Swin-Unet MALUNET  {jpet

XECHHEK ., B 65 1 fkmib B R & IEH AN, E 6
552 Sk R RN 7 56 4 5K I AE I TR B R S
PR, I 6 465 3.4 SRR 7 55 2 SKAFTE T BN i M A 1) st
V7 55 3 SKAEAE D 5 o) B0, AT LA 9 b vt O 2% ) AR T HiA
) 265 77 250 22 1) U R R A B 4 AR ST 4% Tl 0 0% ) B 42 3
SRR RE A R R T 1l X 43 A X3 AR R N E X S5
LB R BN A HIEEEGR.
3.4 ZH=W

SFATAL A SC R 4% LMSCI-Net 78 A [7] 5 5 48 18] 1932 1k
PERE, HEAT B AR £ AL LR, BRI K 7
ISIC2017,ISIC2018 1 ISIC2016 #t 4 4 b T Il 25 iy 45 71
FLEER T PH2 S8 420038 4 500 58, dE 4 & fb 45 R
% 3 PR, A SCER B 2% LMSCI-Net 75 B 5038 42 )i rp
B PL Rz AL RE F1 . M 7E 1SIC2018 4 £ Ll
25 I B AR R E AT 3 i, LMSCI-Net 75 PH2 34
BT i3 ERR L H ToU, Dice B AMHET R (Ace) 4>
WSAE T 84.50% .91. 60 % H1 94. 46 % , . EIL T A X I
BYRELE R 2%, [RlRE 4l 1] ISIC2016 $dE £ 1 11 2 i 45 5 ik
3K , LMSCI-Net £ PH2 E MRtk 3] T £efl . loU.
Dice Fll Acc 4354 82.80% .90.59% A1 93. 61 %, i fli i
1€ ISIC17 %4 4 b I 25 0 25 SR i 47 I, LMSCI-Net #9
B AL R0 T Hiformer, I FHAM %, — kUL,
T Hiformer 3 5 & 22 ) W 45 25 14 F 5 R o SCRlG AL
il 7237 4 S op 2 L i A R 45 B T A 9 R B, AR T
ARz AR 526 P 2R A PH2 B0 4 o k45 i MR L DR
B FE IR bRk HL R SR 50 40 7 AR 4 I 4% 7T fig
SRIEMH, B2, G5 8E A, T U1 4 E B 4
fap s, A SC W 4675 B AR PH2 50448 E iy ot i, i 2
DIUG A2 3] B R AE B A R I BB Az fetE . R 5
R W R BHE A3 A RS2 T, FE 43 B UE T LMSCI-Net 11
BT

Hiformer EGE-UNet CMUNeXt GA-UNet LMSCI-Net

B 6 I1SIC2016 1 ISIC2018 43 %45 7] M4k
Fig. 6 Visualisation of ISIC2016 and ISIC2018 segmentation results
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Fig. 7 Visualisation of ISIC2017 segmentation results
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Table 3 Segmentation results of generalisation experiments on PH2 %
. ISIC2017 ISIC2018 ISIC2016
ToU Dice Acc IoU Dice Acc IoU Dice Acc
UNet 78.52 87.97 92.42 81. 25 89. 66 93. 35 76.79 86. 87 91. 32
AttUNet 79. 38 88.50 92. 81 84. 35 91.51 94. 35 80. 09 88.95 92.43
TransUnet 81.32 89.70 93.51 81.24 89. 65 93.14 81.15 89. 59 93.02
Swin-Net 81.51 89. 81 93.32 79.52 88. 59 92.50 77.22 87. 14 90. 89
MALUNET 82. 94 90. 67 93.92 82.92 90. 66 93.99 77.81 87.51 92. 36
DCSAUNet 77.32 87.21 91. 89 83.07 90. 75 93.90 79.21 88. 40 92.16
Hiformer 83.72 91. 14 94. 10 83. 86 91. 22 94. 08 81. 24 89. 65 92.70
EGE-UNet 81. 84 90. 02 93.27 82.50 90. 40 93.61 81.42 89.75 92. 88
CMUNeXt 80. 24 89.03 93.03 85.33 92.09 94. 83 78.98 88. 26 92. 27
GA-UNet 82.26 90. 27 93. 85 83. 11 90. 77 93. 85 80. 57 89. 24 92. 63
LMSCI-Net 83. 11 90. 77 93.96 84.50 91. 60 94. 46 82. 80 90. 59 93. 61
3.5 @R I AT DL R R A BB 7 A% A s b A7 E
1) B P 78 i 5 4 — BT SR TR L B LR S A S Y A B B

IR 4 BT R, A SCHE ISIC2017 R 48 b 47 4 il 5
By, BELR M 4 o 22 8 U-Net B 4%, 6 J5 5 % 45 B B
TS AR TR Ry 5 A SO 465 4 T 1 15 3 )% 4 ) 85 3
Bl 8.16.32.48.64, AT LLF H B L5 1) U-Net ¥
2% BB /DB E BRI T SR ft R R R
H A 5 B0 45 e = I A8 00 R AE B2 BRURE 7 L 45 TR A K i
AR A SCTEHEZE M 4% U-Net B9 56l LB R 2 R
{5 B A5 T8 SE 55 28 1 UL T v% 2 TR 205 SL I8 3 45 n) 1, 42
3 AN e R 2 RS AL LMSE . £ RE(F
AT KGR B e MSIE F1H & N ORh A RS A e
AdaptiveFusion, 7§~ H T il i 7] LA 4 A B
AR RET, Kb 2 R s s LMSE K iR B 48 w4
IR AE 4R B RE T, #F L 2R W 4% B9 3Rl B ToU | Dice il
Ace 2 I HET 13.97%.9. 03% M 3. 14 %, i & WAt
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FAN ) W B 5 SEAT RSB I 25, AE 3 6 I 4% 2 ) T 4
B S AT o 28 AR S 2% 3k 3 e L 4 R . T A S
I 118 S 30 45 R 3R T A B 0 A Ak A R I 4% 1) BR A
B E N A& A B RE A AR I 4% 110 2% T O3 SR R
GG A AR AR DL B W 48 SRR AT A SR L R 4 R
SCHR L Y 4 A K R R A BT 55 IR BN T m AR BOR

2) 5 5% R HIH il S By

15 Z Y5 AT 55 38 F 2R FH 00 38 U 0 2k pR B R
Sk PO 24 11 2 B 8 453 2 PR, T 38 U 45 % PR BOR: B T R
) 4 T ABE A8 SR 0, 7R 28 R A R LT TN
26 XM LG T L ) A5 A0 1 DX, 7 A 3 O/ A B R OR
R, PR L FIRERIF A, FRAGIA S —Fi$i
S BREL DiceLoss™ ,DicelLoss A i I 2 X} 8 & X5 Ak
DX 1 L) AT Ak 5 28 R 3 B TG, R e A TR
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R4 FEISIC2017 EHITHRERER
Table 4 Modular ablation experiments at ISIC2017

Baseline LMSE MSIE AdaptiveFusion ¥REWE  Params/M FLOPS/G IoU/%  Dice/ % Ace/ %
N X X X X 0. 25 0.68 68. 99 81. 66 93.25
N N/ X X X 0.15 0. 57 82.96 90. 69 96. 39
N X N X X 0. 33 1.15 79. 50 88.58 95.73
N X X N X 0.17 0.31 79. 37 88.50 95.75
N N/ X N X 0.08 0.18 83.76 91.17 96. 65
N N/ N X X 0. 24 1.02 84. 04 91. 33 96. 65
N/ X N N X 0. 29 0.76 83. 11 90. 78 96.53
N; N/ N J X 0. 20 0. 62 84. 44 91.56 96. 78
V/ J / V/ J 0.20 0. 62 85.24  92.03 96. 95

b Ak 3 S T S A ) L, BB ]S AR T G U — SR N Y
Fakk X I, 25 B AR SCR 3T Dice #R BB — 032 X
P45 2 R B A T 40 O SR L e, BEAT R DN 25 SRR Y
R RE AR A ~CD IR,

1 &
LBce = fVZ[yilog(pi)—O-(lfyi)log(lfpi)] (19)
 2lxnY]
L Dice = 1 X [+ Y| (20)
L BceDice = A1L Bce + A2L Dice 2D

Ho N WA BEy, HETRZE, p, HHE.
X LAY | R EAE AT A1 A2 43 B R
AR BRBUALEE A SC A1 T A2 B, T RIE %
B K PR BeeDiceLoss WA 28 1M 43 31 2% JH #5 2% R %L
BCELoss | DiceLoss LA J 78 SC A8 A @l & B 5% of 3078
ISIC2017 ¥4 48 B AT IH Al SE 30, 25 R sk 5 Fios, A 1L
HAf ] BCELoss $it 2k s EGHE 1T I 25 7E ToU Al Dice $8 45 I
S E 127 % F 0. 74 % .t R DiceLoss 43 % 42 &
0.66 % F1 0. 38% . RIIM B T H g FH B — 4651 2k pR 5k, 18 H

A PR PR REAS B I i 10 4 EARE
3.6 EEAXFELIRIE
AL R Béﬂ BB I 2 R R Bk

FEH SR AR R R AT o LLTR b 3 B 18 28 52 11 K ahs i
SRR BBk @ﬁ?%’r%m Zﬁﬁi’-i‘&ﬁﬁiﬁ‘ﬁzrﬂ A
J 0% F A% B H 0 ORE B 04 08 G R H ACE., SECY A

* 6 TEISIC2017 LT

CBAM™ 3 5 3 MLl #8553 38 12 78 77 i = AR 4 )y b
B AR 1 42 R A {5 B, 200 T Jay A AN Y o
155 R0 B 1 B ST (efficient channel attention, ECA)MY i &
IR XT SE AL H ity el ik , 75 1 58038 38 1 3 B8R
BAK W 4 SR O 34 3 Ak R B A R AR B, T AR bR TR
(coordinate attention, CA) ™18 i 43 1 ¥ 7J(%Z$ﬂﬁﬂji [1)

PEAT 42 SRy P it Ak OF 7 5 2 Ak B Rl A (L A B
FERERE L5 I T R b B i T RS 'E‘JKEQ

®5 FEISIC2017 EHTHRAREHMILN
Table 5 Loss function ablation experiments at ISIC2017

%
BCE DICE ToU Dice Acc
N X 83.97 91. 29 96. 75
X NG 84. 58 91. 65 96. 83
N N 85.24 92.03 96. 95

AT LG HE T ISIC2017 B £ %t W 45 h b B A

ML B 43 AT AR 8 , IS (8] 3 3 0 LR 1 T 445

B8, W 6 i, R LGFA TR AHLEE M8 T A

fEA] i & J1 #£ ToU. Dice Fl Acc LI 43 7l #& & 1. 79%.

05 %1 0. 30 % » MHELF IR AR T B J1 WL #H] ECA 43 342 =

1.12%.0. 65% 1 0. 23% » /& LA UL B 4 3¢ LGFA i i ¥ &
IR A DR L B A 300 B ORS B 0 3 A R A

RN LSRR

Table 6 Comparative attention experiments at ISIC2017

CA(CBAM) SE CA ECA LGFA Param/M FLOPS/G loU/ % Dice/ % Ace/ %
X X X X X 0.137 0. 603 83. 45 90. 98 96. 65
J X X X X 0.168 0. 608 84. 02 91. 32 96. 68
X J X X X 0. 141 0. 604 83. 68 91.12 96. 69
X X J X X 0.152 0.613 84. 68 91.70 96. 82
X X X J X 0.137 0. 608 84.12 91. 38 96. 72
X X X X J 0.198 0. 625 85.24 92.03 96. 95
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R A IE X Y 1) BB, &L DL b TR AR SC 4% B H Conference on Computer Vision. Cham: Springer,

TR -4 RV R AR LGFA R R S P 2018 3-19.
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