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Abstract

Segmentation of skin lesions plays an important role in clinical diagnosis. In this paper, a new skin
lesion segmentation framework based on diffusion model, DCA-SegDiff, is proposed to enhance the
learning of multi-scale context information to improve the segmentation accuracy of the model at
the edge of skin lesions. The dual cross-attention module is integrated into the skip connection part
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of the denoising network in this framework, which can receive multi-scale feature information from
different encoders at the same time. Meanwhile, the down-sampling module based on Haar wavelet
is adopted to retain more edge detail information. In addition, an efficient enhanced multi-scale
attention module is used in the deep layer of the encoder to integrate multi-scale feature infor-
mation by cross-space learning method. In order to verify the superiority of the model, experiments
are conducted on three skin lesion segmentation datasets, ISIC2018, PH2, and HAM10000, and Dice
reaches 0.8944, 0.9446, and 0.9445, respectively. The results show that the DCA-SegDiff model out-
performs other existing models on the three datasets, and the number of parameters is significantly
reduced compared to the Baseline, demonstrating its effectiveness and generalization ability in the
skin lesion segmentation task.
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B IR0 B R ZANFE T AN BT G K, S g L% B i D RE 2 B[ 1] B Wi 28 X S AE TR | B
KA ERIEZHNE, BIwAR 5 IR X A SR 0 B BEAI, 3o {8 45 0] i A8 X Sk A T v Aff 14 1 1l
I EA PR AT S5 [2].

AT, AR B B 50 N G EAE o B R R T IR B 5 S oy #0078, PR %215
15 B I T B R 25 (Convolutional Neural Network, CNN). Transformer 13 HUHE T

FE48 5y 810715 F EASEBMEVE . LGRS A RS . BHBRER S (314 HE 1Y) B 0 I R 7V,
REBE AR BB IM S S v 22 3 A 1) 7 V2 43 B BRIAEL, DU AN AR 10 Bz Bk P48 531 . Yasmin 55 (4]
{81 H Canny AZAG M 8 3EAT 1A, 8IS A WG AT L S I EBHG AT RE IR S . IR HESE (51456
IR AN X S A R, AR T oI A R BUR . HIXEe4L 55 73 5177 15 LU T2, A 3%
B2 7. ARG, ESCR M ERA R

BEE RS SR e, CNN T iz N T &350 #{E55. 2015 4, Ronneberger 55642 H EA X FR g
R 2R AR ) U-Net, FF9I ANBRERER, E&REZEB T EUESTRI oI R. < EEAR E,
Diakogiannis Z5[7]#2 i ResUnet, HINGR2ZEBAR, CASEAREGEEH K M, Oktay Z5[8]#2 H AttU-Net, £ U-
Net [IBEERIERR 2 IINTER 1T 14206 2R1M, CNN S5 BT R B 2 BF bR i), IRMER Sk &/ B
SAF R, XA RE 2R 4 EORE B AR R, U R A AR X T AR B2 % BRI G ANTE T IS DL .

HAfRRIX— B, Dosovitskiy ZF[913£ HH T —FFET Transformer AIMILS, @ HiE R INLHEITIRK
FRESHOOC R, RERE [F] I SRR #4017 f 4 /) B RSB B . ZJ5 1) TransUNet [10], B KRS CNN-
Transformer 244, 72454 1 CNN 12 R EFRFAE SR IR I F5 A Transformer 74 Ja) % R ALK BE /) . Vala-
narasu 5511142 H I8 5 EUR 0 #E8 MedT, 51 AN—Fp 18Rl myd & o6, MR - 2R II1Z4R5%
W&, {E2 RS G E I T AV 2 BI8CR . B[ 12180 T X5 SOFAT S5, e A BRI
% REERHIEAS 1B, o {H Transformer ZEHA00 7 75 2R & 8 FH T-UI 2%, 1 1% 2 UG S S o BB e/ H.
SREUSA G, P BB 2 BB AR 55 1 N AR A 2252 215 2 IRl
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F Y B R A (Denoising Diffusion Probability Model, DDPM) [13]7E G Ab B AT 22 FE B T
MEF LS . UG R B B e R e R AR e 1, 9D T ISR MBS St &, $ v T A%
B4R ST o Julia %5143t EnsDiff, {8 /566G EEIE NG R EGEAT ISR, I BAERFES 8 A8 A
Rl BIER . Wu ZE[15]4 B AN H B 2 G 7 IS MedSegDiff, ¥RINBHAS 5 F4mig, [F] 0 iE R
TEATZR AT %% FF-Parser K VHBR SAE S (0520 . 2 )5 Wu 5[ 16] X3 H sk () MedSegDiff-V2, fE4&14F
UNet H 5 FH —Ff 7 PR 400t 2 () 48 i 2% SS-Former RSB 75 FIAE SURFAE 2 8] (138 B . R IX STk E 4
JEBLHAR LT I TERE, (EXF T R R EME5, ROAZANGEX 9 AR 1 AL 1 9%3 « Afshin %[ 17]7E DermoSegDiff
N T AN SR 1 S BN ER Kk bR 3. AEX Ry v 7 B A R EOR P G R EE L 4 X
W2 RS, TR ARHET 2% D0, IRIR S M . PRI, AN 7% DermoSegDiff I ASSuidk, 5%
VAR 2 R BN SUE B HIR, DU s e R R AR D A I A EIRE B . 1o, TEBRROERS RN
WS X A, 43R 2 RS g i 2% 2 1] 1K EE B AR R . LR, H R EIY B R S 508 K 1
TEGRAG AR50 53 5] NTE R g0 1) e RO 5 22 ROBEVE ML, 3 A 2R o o AR X S K SR AR R T . 4, A
5:F Haar /N RFE 15, RETE 2002 R0 5 B

2. T AARBEIN A

ASCR M B0 43T DDPM. T U GG AR [ 5E (IR [ ol A2 ¢ ATrT 2 B e
LSRR p, o EIERYHOLFE S, HER RS x, € R ENAL, BEAE I (825 ¢ 32N e 07
PR AN RS . XN IR AT SR RIS R, AR RO

q(x|x.)=N(J1=Bx.. BI), ¥t €{1,2,+--.T} (1)
Q(x1:T|x0): 3 q(xt|xt_1) 2)

S, e, By R WO PR RFIT H R I AR AIERE o X, =1- 3, & =] [, F & ~N(0.1)
BENLRAE x, SRR

x, =&, x,+(1-a,)e (3)

q(x|x,) =N (& x,(1-a,)1) (4)

PR IR ED, W q(X, )~ N(0,1) 5] g (X, ) Bt B ko] R A2 (B4 85 25 4 1
q(X,|X, ) MBERTTESHORR, TR RGN 225 5] — AR p, 2 R 5

AEFEEG g e R HENIES, RIFREHI x e RT EEFLRIME N LEME I, KRN
I, e R"7CD g 78T 5 U

pH (xt—1|xt):N(xt—1; /JH (It,t), Zg(lt’t)) (5)
T I SO HOLLER R R 2R 23 A B R 24 1 H bR ek B
L=le-e,(1.0) (6)

Hrr, & Mg, FoRAEME AT . 30 H AR BRI SR R Uk R, $8 U R
HHE] . MR ¢ — 1 BRIEA i o BRI — A TNE R &, (1,,0) BN E—A>mig s e 15
B, RESPTIHE .
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3. DCA-SegDiff 2 3Y
3.1. EEEMLKIEE DCA-SegDiff

ARSI 25 M X 245 R FH B S — B0 ResUnet 2244, W R IE] 1 B . BBV N ELEE M 75 461D o, 5] 5
K% g LSBT TR £
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Figure 1. Denoising network model

1. EBRMERER

MR AR 7 EM: BN mAS s B AL x B g XUEEARHI N, B R B A & PN SR ik 22 RB Al —
ANER I Atte AHEGEREEARR UL, WU AT A% 1T DL =) BTN 2 FEAG B RFIE R IR, DUTE I 1 S B
TESRHL[17]. ARG R, EEARESR PG TN, X2 —/ MR IEZA E RN 2tk
JER GELU B0E BRI AL BT 51 ¥ RB;" A1 RBE (1% H b AT FRAE P, 3 BIRh A 1 s FTEUEAE B b,
4, X RBS (% AT SRR R GEE R RBY AN b, IX PP RS AIRFAEBLS AR 78 2 T — MR
FIRLH, AT LR H E ERAE 1) [F) I S ek — Lo AN R W RHIE . 2 J5 RB; (4t & IR 2 J5 5 RBY
P AT RHE D, B3N — Nt b, o B EM, BHE A GBI it Ko (h, b ) T S ffEns
R AN BRERIESE: (x,, g ) THEIES T — N om bt S B gk 2L AT FFAE SR X .

IR, ZRADesilsrf# H Haar /N R R (Haar Wavelet Downsampling Module, HWD), BEW% 1R EH
WEZHNE NEE . AAFEERRRE, AEAERMILGERA T AR RERE IS, RmILIHERZG 3 )
KT BBk 2R 1 B I H(Modified Linear Attention Module, MLA), ZwiS#8iA)/Z(5 2 J2)KH T &%k
5 %2 KRR R SR B (Efficient Enhanced Multi-Scale Attention Module, EEMA), RE % 5 inAG 24 o b #1 &
BEE, REnERE.

BRI 7. BRSBTS BN T WAE X E B A B (Dual Cross-Attention Module, DCA), fEf5H 44
PR 2 R Yot i i AR 1 2 [R] P 4 S 368 T R 2 ) A
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JERFBE S BM: EEHE SRR 2 I G RS 2 B . K il 28 B0 — E I AN (x5, g5 ) DHES|—ef A
BM #43, KB —A% 2 756 AR P (Residual Dilated Convolution Block, RDB). — ANk HiEE /7
R (Linear Self-Attention Module, LSA) 15—/ RDB bk, RDB FHe rp i F 25 % 4 2 B2 B R 18]
Brite 78 e, BRI IS HE IO Y ORESZ T, & TR AR B R R N I L
AT DA 808018 SUE BB K . LSA A& — AR B B 191/ —AN FiE B 9], BRI
LR 7 A S L R M 2RO R, 2 B A AR A AL R SUE R BRI
HEA, iR TR R R A R

D250 7 DM: 5L as i EM, AR EANE, RIS DM, 21T . B FEMANIES: N RSE
BEHUF— N2 M yE B U8 EA. [RIF, RSE 7£ RB REEL LA F s 185 KA (Squeeze Excitation,
SE) [20], HRIFIEIE R RKIFEESAE RN, HI A FREEE 0 HE 2, SBRTKERH 1 DCA
BEHREE SR, BB w7 T RRE (0 A B REAT B8 77 . K R RSE! HEER 2 BT AN Z S5 AHFAE B 43 5
S Ymin s Y i (b, b, ERRT R, SERUIRMRRD S Z M kRIS ;. a4l — > MLA f5id, 13554
-

3.2. Haar /|55 T SRAEAERR

FRGEH T RFEINE MR R B DB, WRE S B R —HE A M ME S, WA MaEE
Bo T MZTE R R P E B BUR, X ERA] T —F Haar /N R RAFELDE HWD, FIH] Haar /)
PR AL B S 18] 0 R, DMRBRATREZ 1015 (21, W1 2 s

Conv+bntrelu | C, x (H /2)x(W /2)

HWD

C,x(H 12)x (W /2) (A*C)x (H | 2)x (W /2)

Figure 2. Haar-wavelet downsampling module

[ 2. Haar /]VE T SRAFIER

£ HWD BB, 1 S S N AL 2T — 4E B Haar /MR HE, SENRIID & AL KI5 A1)
A B H TR ELT [ RO B VNI 27 R s D AR B T BRI AR S S
M BN 7% SCRAEA TS 2. 3558, Al & SR B AN [F) 5 1 (9 e 0 S AT 4,
FIRE R IE I . BT, Kb B S RRUE B E A S 1 m AU B PRk, IRl —EEBR. it
VAR RELU B e U A B 1, A e 4 B T SRAERFAE B

3.3. BUHAEE SRR

B R R R S A (IR AT A5, BB AN AR 2 RO IAFIES B, [RINE A 1 5>
MIZH0[22]. N T IR BEE 2 o) B 425 10 22 FUZARRE(S B, AR p B 00 748 X i S ASOR &5 ) R, AR
FAEM % Gt 3R 2 R T —Fh i s 2 RV E BB EEMA, DUl IR 2 R4 5t R 2 iE R B 75
K, ASHET D, MAMDIREREZE, HTREMN R ARE TEZ RGE S, R TSl gE
BABH MLA. FE 3 4 H T MLA BEURT EEMA fRgify
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Figure 3. Modified attention module

Bl 3. BUfRNER SRR

7E MLA fdr, i FH 260 2B 5 N\ FRE LS 2 2 0R(Q) K FIE(V). 43T Softmax if #ia 5 J5 il
A%*/\):iﬁ]uuj’ T%erj

LA(Q.K.V) = Conv((pq (), (K)T)V) 7

Hrf, o p, A p, 73 F R Q FT K FIREVEAL B K
J3Ah, MLA RS 8 2 Vi s i N 1 R — BRI 2181, Fom v R B

MEA(x) = x@PerNorm(LA(x)) 8)

FUH— BRI EA B TORFF AR AR, IR U GRad R v A P2V 2R OB AR il R B 22 3 T DA kA
RSN, AR 7Y TR o R0 2 5T B R A X 38D 2 RO A A SB[ 7]

fE EEMA Bk, BN X e RO fE@E 4 L5 BRI A G A THRHE, (EEAYAE NS R A5
ZRIENGER. 85, SIAZREIMT T, R =ADIHT 7 BRI R R R E . f£M
A 1x 1 r3C b, WV B REN R RE P AN 7 1] 70 ) BEAT — 4 R 2t Ak, BLoR AR A 8] 7 T L g 3
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EAEE. #E, BB NRERIPHEE -, @id 1< 1 BFRAE0E KBS 2 A FRE R, 22 5%
7 FERNSE FET7 ) B RVE R O . S, R ANE R S TR AR E AR SR T AL, e
WIRAERBIRAER x, o 7E3 x 3 703 b, 81 3 x 3 BIRFHIRE RERERR, BERIER X, .

il P 25 23 1] 27 SY TR IR AT P26 BB AR I o, , o, BEAT S84, 93000 DO R 0 AL R -

x,, = Soft max (Avgpool (Reshape(x1 ))) ©)
x,, = Reshape(x,) (10)
x,, = Soft malx(Avgpool(Reshape(x2 ))) (11)
X,, = Reshape(x,) (12)

I R AR R TSP B OB IR, DUl PR R AR R &R, Ri4)m BT E R
13 B B 2 B B IR FE R weights:

weights = x,,X,, + X, X,, (13)
FRAS A AL TR A B 5 B IE B A RAS B i LN BUS I A L. 5341, EEMA EAE
22 RPEE BT EA N 1 A (R E AR, Rom i TR

EEMA(x) = x ® PreNorm( EMA(x)) (14)

HRJZ MLA 5 F) F 24 1 e St Ach 28 187 B AE , i DA TIUE — A RN 22 1 R R A e N R AR I 88 TR 2
EEMA #iiE 2 RIEHAT FEMLEERMEZRERFRE, BSHETE . “HESEGNRIHTEA
AL B R IE AL EA A, ST B .

34. WEZIGEEER

KAE XA A] AR I #2525k B 25 )2 gt a8 1 2 IROBERFERRN ,  $2 00074l 3k 2 RUE dmtid 28 R AiE 2 8] 1)
4 RS (R ALEE R OC 2R, SRR UL S AR SRR AE 2 TR (8 22 23] NERURIZ RIZH E T ER,
PR R LT 7 P AR T AL B 3 BIERR AT 7875 WX 45 6 R 2358 20 BN XUAS S AR DCA . 44
gERN I 4 Fiaw

—_——— e ——— — —

Reshape+ BN+

. Avg pool dw-
Upsample RELU ’

— 1l »
| +Reshape conv
— L
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I
| ERESERA

— e e — —— ——

Figure 4. Dual cross-attention module

Bl 4. MAREEIER

fE DCA 5, B4 — 2 RERHMERABILL, M 5 DML EH B I 2 RIZRHMER R . ]
2D PR AT RAESR G BRI 1 < 1 IR EERT 2 B A AT WU, 0 NAS B R IE R R O
T = dwconv(Angool2D (E )) (15)
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Hop, T e R™,i=1,2,3,4,5 . B, G2 B0 T, AR OB 2525 IRV RBIE RS, I DA 2 e .

HWIEA TR CCA: B5EX T 34T 23—, IliE4E AT PHE QI B EOME (), RN T,
BEATEW(Q), THEABNER T, 5 Softmax BHCK &5 RBGY M RIGYERT . &oa, AW 705
LIGE] CCA B MM, JFR ARy SCA BIRIFIA o

B XERE SCA: MUK, BT EIH—LEAE, Wl e R AT PHEME VB (Q) M (K),
A T AEREW). 5, WWRAPIERE S, @i Softmax pRHCRK &5 REGH I R AG 4L .

i, Xf SCCA By i AR AR B HEAT 1oRFE, SR AR A Z 4 . i), i BN 2
JH—AUA RELU WG AL B, SERR BRI ARy, S b BRERE . Ji4h, (EMRRD S OIS S B b,
KL T X AERIEH AL . 5 DCA BIREE A, 3 DI E T MBIIRHE A BT RE /1, R
TR RCR R i — D3Rt o Bk RE -

4. SKEWEERSH
4.1. BIEESHIRETLIE

NESIERIEERE, AU T AN AT AR o E PR 4R, 1SIC2018. PH2 Al HAM10000, fif
13 S50 4 SR HL AT bl v ANk

ISIC2018 a4 241005 2594 Fk &G, Horb 1815 sk HAEIIZ:, 259 dK FHMERAE, 520 5K Tk .
PH2 ##la52[(25160 5 200 5k EIME, Hor 80 sk HIAEUIZR, 20 5k FMESRIE, 100 5K HA/EMI. HAM10000 %5
FEE[26]16 5 10,015 5REMR, Horb 7200 5K HAEUIZR, 1800 sk FIAELIE, 1015 5k RN,

AR =BT T 5 SCER2 718 B BUACFEERAE . NG b, (BN R . BENLENSE
LA HAT ARG, SREBAAIZ LGRS . SRR T BE R g — Ry 128 x 128 5 %K.

4.2. TG E

4.2.1. SEISIRES

AT LU 3T Python3.8 1 PyTorch fE42, {#i ] NVIDIA GeForce RTX 3090 [1] GPU #1 24 GB [
AT SIANFPRZEREID Y 1 iliE, 51 SEGN 3 8IE. oI REm D3 E RN T=250, & LIERY Hud
IR FRAEZE B = 0.0004 , B, =0.08 , MW sk LI (R 20 2 23 . I 2Rt #4248 A i A 28 2
Adam, HSEE N[0.7,0.99]. ¥ EVILEESTFN 0.0001, UIRAEELE 5 ADNFEEE AR FETH KN
Z I 0.5 i o

D7 IR SCHR[ 17100 ZR 0732, SRR BR SR HEAT 320,000 YR AIIEAC I o I 23t A2 v 42 IR 611 £ 457 2K £
NI AARAFA A SO . TRt E RN E Dy 8, IR UE RTINS FE R/ N BN 320 R
FEEERL 5 RSB AT A5 A, DA™ AR B R e 0T 0% H o I 2R R 48 FH 45 25082 217 23 (Exponential
Moving Average, EMA) [28K 1B S (4R EOMBCT-4ME, HXATFEH T TS HEH,
TXRETT DLk S T 240 i K B2 e [ . e TE 200 MNP 2 G P Aa T8, R
Br—IK, FREREFFE T 0.9999, BIEEREF TN 1.0, FaEF T 0.95,

4.2.2. FHNIERR

NT VA TR AR A RtE, ARSCIEEL T Dice FHBLFR £ (Dice)s Jaccard AHAARE(tHIAZ I L,
ToU). #ERE (Accuracy, Acc)s R (Sensitivity, SE) 7 577 & (Specificity, SP) LA K 5 i 2 7% FF B (Hausdorff
Distance, HD)IX 6 ™ H 1) %% 2% MG 73 B VEAR FR b RGBS 1 14 R AT PEAL, b L Dice AR ECN E
BFNFEPE o
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4.3. SERER
4.3.1. WL

Table 1. Experimental results of different models on ISIC2018 dataset
# 1. TRIMERIZE 1SIC2018 HIBE FHISLIG4ER

. ISIC2018
Dice IoU Acc SE SP HD
U-Net 0.8573 0.7503 0.9214 0.8618 0.9439 26.4572
AttU-Net 0.8527 0.7432 0.9188 0.8572 0.9421 29.0955
MedT 0.8751 0.7987 0.9359 0.8979 0.9391 11.5169
MedSegDiff 0.8548 0.7718 0.9267 0.8851 0.9577 15.0613
EnsDiff 0.8654 0.7900 0.9324 0.8582 0.9746 11.8954
DermoSegDiff 0.8851 0.7940 0.9398 0.8468 0.9749 11.6461
DCA-SegDiff (Ours) 0.8944 0.8089 0.9432 0.8771 0.9682 10.8902
Table 2. Experimental results of different models on PH2 dataset
= 2. TEMRAEE PH2 BURE MR ER
Y o
Dice IoU Acc SE SP HD
U-Net 0.8905 0.8026 0.9264 0.8357 0.9770 35.9472
AttU-Net 0.9178 0.8481 0.9434 0.8818 0.9778 36.5759
MedT 0.8990 0.8292 0.9232 0.8470 0.9903 12.5720
MedSegDiff 0.8710 0.7856 0.9034 0.8626 0.9692 18.9947
EnsDiff 0.9332 0.8791 0.9480 0.9161 0.9783 10.4538
DermoSegDiff 0.9238 0.8584 0.9484 0.8745 0.9896 11.5919
DCA-SegDiff (Ours) 0.9446 0.8950 0.9604 0.9431 0.9700 9.8265

Table 3. Experimental results of different models on HAM10000 dataset
# 3. FREHEEAE HAMI10000 Hi#EsE FHSSIRLGER

- HAM10000
Dice IoU Acc SE SP HD

U-Net 0.8918 0.8048 0.9480 0.8993 0.9632 16.9833
AttU-Net 0.9108 0.8362 0.9572 0.9168 0.9698 14.2049
MedT 0.9247 0.8723 0.9635 0.9511 0.9640 8.6837
MedSegDiff 0.9138 0.8525 0.9595 0.9196 0.9740 9.9713
EnsDiff 0.9136 0.8571 0.9627 0.9147 0.9797 8.1425
DermoSegDiff 0.9386 0.8977 0.9681 0.9308 0.9814 6.3815
DCA-SegDiff (Ours) 0.9445 0.8949 0.9738 0.9374 0.9851 6.3609
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Figure 5. Comparison of experimental results on ISIC2018 dataset
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Figure 6. Comparison of experimental results on PH2 dataset
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Figure 7. Comparison of experimental results on HAM10000 dataset
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