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Abstract

Skin lesion segmentation is a critical step in computer-aided diagnosis of skin cancer. Existing meth-
ods mostly rely on two-dimensional texture information and ignore the implicit visual depth cues
in monocular images. This study proposes DASH-Net, a multi-task U-Net framework integrating
pseudo-depth attention with boundary supervision. Its core innovation is the Depth-guided Spatial-
Channel Attention (DSCA) module that establishes an adaptive association between image feature
channels and visual depth hierarchy. A lightweight variant DASH-Light is also proposed for clinical
images where brightness serves as a depth proxy. On ISIC 2018, DASH-Net achieves 88.99% Dice
with only 7.85 M parameters, and reaches 90.61% Dice with PVTv2 backbone. On a private venous
malformation clinical dataset, DASH-Light achieved a 66.80% Dice score and a 30.21 HD95, improv-
ing by 1.1% and decreasing by 12.4 compared to the current best method. Ablation studies reveal
that DSCA channels spontaneously specialize into deep-preferring and background-preferring
groups, forming a depth semantic division.
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1. 5|15

B e i A R A LA R 2 —, Hh B FR I TR b R R AR DSIE T R R A [ 1]
WG A 5o W T oo B E TG A 2 CEZMIGIKE L. 8 (Dermoscopy) (8 — iR (R N 14 52 ik
FAGHEA  BEAE TEOR Rz 453 DX 3k V8 B R T S 33 A R Rk e A i3 A7 B8 € 200 R SRS ) i T2 L[ 2]
TETHEAUE S Wi (CAD) R GiH, A 43 31 B I B MR b 1R ek X 32 BT A 5 8 52 20 BT (AN SRR
WA B2 AR BRI E, B ABCD yER) MRS RTE2[2] [3].

UTAER, BE TR FE 2 2] BAE o E1 77 A R Wi A8 43 I U S | R #E 2 . Sultana 5[4 % 1
PR 26 18 R 4y R R R IR REAT T RGLRIR, G B0 2 U 7 AR R R 3358 7B Al
Shelhamer £ [ 5] tH ()4 B AP 26 (FCN) B XL I 1 i 21 9 AR R 245125, Ronneberger 25611511 U-
Net i Rl 2% - AL 4% 45 0 5 Bk ERIE B TR R S Gy | R B T 58 KRR IE SR B S A0 K S e ) - 78
UREEAE b, BE TS M Z AT X U-Net 347 1 2t : Zhou 5[ 7181 ik B F S B E R T 0 R 2 R
FFIE(UNet++); Oktay 55[8]591 N T 1487 & JIHLH] DL A HH OC T 5104 B (Attention U-Net); Hu Z5[9]#2 H
() SENet Jd i i 18 5¢ 22 A58 38 B 55 A FEAE M N, Woo Z5[10]3F— DKl i vE & /1 5 25 (A = I 4
SE47(CBAM). 1E Bz JHm 28 20 ) () BAR R B v, Dai Z5[11142 T 22 R AR 22 4 B S 9 2% (Ms RED),
Yang fl Zhang [12]% 11 T 47858 LA A 2 X 45 (PFD-Net), Huang 5[ 13 ]3¢ T @B L0 =
JIHLHI(CPCA), Ruan 5[ 14|88 T Z1EE /18 B U-Net (MALUNet). Al-Masni %[ 151014 5 %) 5
R BN G — HIRFEB R S HESE pr, SEIIL T % JE R A8 ) [R5 2 Wi 5 7€ 7« Sarker 5[ 162K F 2% 5%
265 & 7 AL M 25 (SLSDeep) ¥ K28 DU 3k 2 REE B F3C, Gu %5[17]%1H#) CE-Net @it |~ 3¢
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i A B R A 4 JRE U5 B, Kaul il Zhang [ 18132 H 1) FocusNet Kt m A HLHIEI FCN LLE £
kX3, Feng Z5[19]f) CPFNet (@it b F &7l & LBl 2 RIERIEM S 808 5. ok, ETFa
Transformer 125 2% 43 %] X 25 40 Chen 45 [20]f#) TransUNet. Wang %5[21]f] PVTv2.Cao %5[22]fJ Swin-Unet.
Valanarasu 25[23]/ MedT LL & Isensee Z5[24]1) nnU-Net 19 7E A [FFEE _EHES) 72408k 0 & . JEi,
WinGraphUNet [25]38 i % 1144 & A5 478 356 e Bk s A2 (1) K AR KO ¢ 52, DFAFormer [26]2K I AUf# 5 45
Transformer 4544 i sUEE L S5 2., SkinAttn-Net [27 31 22 2 & T WL 3G 55 K5 1F % 7R , BA-RA-UNet
[28145 A Al yE B 1 SL IR IR K, AD-Net [29]1F F 25 & FU% Z M 4% 7 K2 BF, SkinFormer
[30]12% I Giit SrBER R DA T4 B 250% ,, MRCNN [317EfERE /R 50 BT S LRI T RGP 24155 %
216877, CRFNet [32]38 5 28 Sk 2 77 AR 4 AL RFAE k& 2 93 kb8 AL AS B, HHBSNet [33]5| A 42 =)@
T8 - 2R DU SRR JZ 15 LRIE, MSCB-UNet [341#% 2 B 23 (] - il M e i (e it 5 R A%
o FRITVEIL[EIM R TR RS AL 43 S A BOR A5, AR IR R B SR AR AL T A T I AT SE R 2
MR R .

RE FIRTTIFEAER e S TS T RIFACR, HEAM — 48 RGB SUHRHIE 241 IG5 k1 A5
Wi BRIRCERS . X ECEEAR T S Pk, Alobe 2 TS0 AR R DL IX 7 kk 5 5. AR Rl
BIGUHRAA L o AHG DR /N L RS 0 3R 55 B8 H IR T e R HEWTD AR AN BRSS9 [35], 2R K, ASCHR % OB
R AN R TR BRSO R B2 R AR FUSEBRUR B, FL2 8 (0 2 [B) J2 IR G5 A AT ] S o Bk T L AT
el T, ASCHEH DASH-Net, —FhRlE OhIREEER 1 51U A IR E 2 4F5% U-Net HE4E. HAZ 06
FrfE Talid DSCA B SURHIE @ E 5 A0 ze 1T 2 0 [ 38 N DG, A Y 3 e 7 3 AR B I
SRR 1 T B N R A A5 B o eAh, B ik e 2 I R 5 52 42 B AL ) DASH-Light 2844, DLSRAE
LS A DR L B, B A7 TR AN [ 2 2 G T A 8k

2. HREH*E
2.1. BIEESITEMNIER

NBAIEFTHE TR A 20, ARWFFCTE ISIC 2018 FUHHAE[3] & — N FAF i bk m FE I PR G Bt 4 F otk
177 KESLIRISIC 2018 Hdf 4 A FFFRELT https:/challenge.isic-archive.com/). ISIC 2018 H#E4E[3]+2 H
ROVPAR B i 28 7 B BRI R B M, B8 2594 SKIIZREIME. 100 FRIGIE B AT 1000 FkREIE, E
B HER N 1920 x 1080 %2 4K A5, Ak, ABFFLIENEE T — MR B KBTI K B B4, B & 5
I W T PRI R B B SRR [ 43 R

NERG 48 A 256 < 1256 FFIH—ALZE[0, 1] BRIEECFAEILIIR . e 307). Bituss)
A AR e IIZREE . RUFSE S IMRAE R 70%:15%:15%% 50« PR FEARELFE Jaccard $530(JT). Dice A%
(DC)~ HEMHIZ (Acc) BUBE (Sen) - K7 573 14 (Spe)« 95% 43 1. Hausdorff Ff 55 (HD95) A “F- 141 % AR R 11 #E 25 (ASSD)

2.2. BEREIEH

DASH-Net KH 25 9l a% - RSER 40, BARGHWE 1 s, B8 =208 L= gmy
5 UREEANTH AR 2R AN B AL 28 (B U B 30) . = gmidds v R A JE AR U-Net Zitid#8[6] (4 4 FR
FE, Bt BB K N 64-128-256-512) 8 1111|2525 101 He %5 [36] 1) ResNet-50 Huang %5[37] () DenseNet
PLK Wang %5211/ PVTv2. Dosovitskiy %5[38]#2H #] Vision Transformer (ViT)ilit ¥ K& X153 "4 Patch
FH IR BIEEJINHIEE SRR AR, 0T Transformer EALSEAT S5 A BN 6] ; Liu 25[39]7E8k
it E3EH Swin Transformer, 18I 2 R E TFS AL B JIHLHI7E BRAR T3 5 2% BE IR R B S0 1 8 8 1145
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BAZH.. PVTV2 [21]RE T 58545 5 Transformer E’Jﬁ:%‘ A 3 1 A P 2 18] R i R
RUEZHFAE, 5 DSCA BEBE MR R UF ] o IRl RIS e id 4 0 L RAFIRE B0 70 3. 7 A a5
FERE— 20 LR JE4EAN DSCA Bik, BhETRIE S0 EIRE, JEATH Pt $1 & 50 R K.
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A pouble U li Skip-Connection Element -wi
B ouble Conv p-sampling o - . _ . ement -wise
; ’ (Conv 3x3+BN+Relu)x2 Bilinear/Transpose Conv > (copy and crop) > Data Flow > Depth Guidance > Attention Flow - ) Multiplication
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iR O ” Conv Conv N ;~-~ Conv 33 (‘om 333
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(D () i

[ = SiOAs(di) OAC(diHYSl e | | ‘ n' | D - |
(initialized as 0) L I :
GAP: Global Average Pooling  FC:Fully Connected ~ ©: Element -wise Multiplication /! H :

Input Image Depth Map (Prediction)  Mask (Prediction)  Boundary Map(Predlclmn)

Figure 1. Overall architecture of DASH-Net. The shared encoder extracts multi-scale features, the depth decoder generates
pseudo-depth prediction maps for auxiliary supervision, the segmentation decoder fuses depth and segmentation features
through the DSCA module, and outputs lesion segmentation maps and boundary maps in parallel

1. DASH-Net BN EE . LZRHDFREMSREFHE, REBBRERNRETNE R THIEE, 28
FRRDERIEIT DSCA HIRFERE S D EIHHE, FHITHRLRL S EIESiAF E

2.3. (ARERERSTHAE

PR FE B I 25 1) DPT-SwinV2-Large-384 H. H I FE {l T A8 25 28 42 B - Ranftl 2540142 Hi [ DPT
(Dense Prediction Transformer)¥4 L% Transformer 5 &R fEIS S AHLE &, BESEE T H5k RGB BMG R
B AR B o 1] 24 18] 3 73000 o B ER B BB S e ik s T N PR PR o ASHIE 78 R FHAE K B 1 AR 3 5 IR MR
BTN DPT A8, o TH N IR IR 1, AL AR A T D € R

D, io = DPT-Swinv2(7)[0,1]"" (1)

pseudo

A RO T4 Min-Max H—4L 2 [0, 115 1E 4B o BEACTR B K AE B Se BIR T2
WLl ARSI T S R ) “ONIRFE” o itk 5 ] B B e 2% 1 s FE RN 2L 43 B 10 22 S 5 T A T R ) TR
FERRIE, B FRAt LA g5 R e iR 41] [42].
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Image Mask Depth Map

el @

Figure 2. Examples of ISIC dermoscopy images, corresponding segmentation masks, and pseudo-depth maps generated by DPT

2.1SIC RERRSREG . XN BIHERR K DPT 4 s iR FE B < 51

Original Image Ground Truth Mask Depth Map

Figure 3. Examples of venous malformation clinical images, corresponding segmentation masks, and brightness proxy depth maps

[ 3. FRKERTLIGIRER . 3R B AR K = IR R R 7 f51)

4. ZES|SHZE - BEMEEHERDSCA)

DSCA #i5tE DASH-Net FIRZ AR, H i sifLETASCH %0 BA]: ik — 4R R IEIE 5
DL I R R S e . AT S, DSCA T8I HAT TR 2 (R B R @ = &, i E)
0 28 BE A% 15 3 B R VAR 8 TR P2 22 VORT E PR RFAE S R % P DX 4k, AATTTAE “IIE 4R b SeBilns “ail

UERZ” FIE PRI E

23 AV 5 053 ST AL FIRAR AN R o 45 52 VR FE AR AL 254t (KDVR BEARFAIE Fyy, € RE F093 TUMRAD S RFAE

F, e RSV, BRGSCE il 1 x 1 BRUGIR EERFAE R B 5 43 BVRHIEAH 7] ) 838 2% 7]

F

depth_proj

= BN(ReLU(Conv, (Fyp ))) € RS )

IRJE XIS I HOER BEARFE R, F 1 x 1 AR Sigmoid W0 A8 s )7 55 7 1
as = U(COHVM (Eiepth)roj )) € RIXHXW (3)
ot o(-)A Sigmoid BIEREL, a, € R™" 1Ay 23 [)3E 5% 7 Vo 8 00 L DX 300t o 326 B P v LA 8 35 3T
JEEARAY (320 F X3, AR S DX S0 JS2 IR FEE A 0T 45 ST 16 P9 98 X 3

WAy SCR RS, “RHMIEIEIE " 5 UREIE S Z IR, SR LR AT 4R 1
HAL(GAP), K2 (A5 B IS 45 Nl TE i R 7F

2=GAP(Fyo, )= (1/(H-W)) X,  Fiopn (5-7) € R )
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SRIE BT 2 3L MLP (R4 LG = 16)42 BUdB IE I = ) B :
a, =o (W, (ReLU (W, -z))) e R® (5)

e W, € RY™C | Wy e RS WA EE, a, e RS WEIEEE AR, a MM TR ah)Fm s

e AMFEEIEIE 5597V SR SEIR B —— RO, W2 4 0 PO AT R 5 5 30 2 VK R R FEE A SR

o MILIXFTR, ST P EEELEEREIE” BN Y o LGB FIR TR AGRR, AR T

JEFE T X AR FE R R ICRFIEm RN . X PP AR B Hu %5[9]1 SENet 1 Woo Z£[10](¥) CBAM —fikAH

K, HIXHIZET DSCA FIVER A7 BUE iR A E SR AR/ BT 5, ITTSEBL T BRSO 1 %
RS i R A A A

F;Jut = F;cg O ax O ac + 7/ : F;cg (6)

Horb © FoRT R IRIE (A AN B R IEE ) 5, WIEE )T iE), y e R NS IR EGTRS L
a0, AERRLE N ZRYTRKEIEURRAEAAL,  BEE VI ZRRNZ D 2 ST IR BEE 577 (A Tk -

25 BFEESXSETTAREM

P ek 220 A B S0t B JE e 12 W B B IR R B L ——ABCD £ ) “B” (Border irregular-
ity, A FEAHININE) A FI TR 8 (0 2008 R ME I G B FR AR 2 — (2], N R IRTHA A B &, DASH-Net 7E4)#1
SRR A% A HEAT S e — N L AL B e R, Rl 5074 Canny ik I 53543 M ground truth 43
FHENRL Y € {O,I}HXW A R B & R FARAS B_canny

ERRARWTR: o e IR G N P (o = 1.0)HIHI e 7 s SR IS8 H Sobel 1 1H50RA B Mg
G =G} +G, FIB 1 0 = arctan(Gy/Gx) s BB LT AT AR E DRI (NMS), it %k &
J I XA J5 AL PR AR R B AR, H AR RIE Tiow FH S BB Thign AR 24 HTHE B (156 BEWRAE 40 A1 H
&EMNTHE

T

Hrdt ue M o6 53 A HE RS FEMRAE RS AI bR AHEZE o 1 I L RE SR IR AAE T AR I AT AN 8] )
LGNS H,  sha PR i O/ A BRI AR 00 4 Mo A LS B . AERURITE ST I, 150
SR IR SRR Ly (é,Bcamy) o MEAh, NP HARIG T AE R %, 51\ Karimi 1 Salcudean
[44]52 KA 37> 95%73 (i Hausdorff PR 5451k -

Lyypos = max {dyg (35

pred

=u;—0.5-0g, Thigh =u; +0.5-04 @)

—85,,),dys (85, > 8S,,., )} (8)
Forbt dyy (A B) For WAty A FHTH B A B T AP 1058 5% M8, R FTHER R 5 B
SN 0T WA S ISR Ly = Loce + A - Lupos + FoHH A= 0.1 AR R 8.

2.6. HKEH

DASH-Net f{ i Il 2545 5 0 = T4 K IR A
Ltotal = Lseg + /’i’d 'Ldepth + ﬂ’b .Lboundary (9)
GBI Leg 454 Dice #1255 — 7038 Uk«
L, :[1—(2~|Ymf’|+3)/(|Y|+|l}|+£)J+[—zi(Yi-log?,. +(1—x)-1og(1—2))/zv] (10)
Hrry e {o, 1) NETRF, ¥ e[01]"" ATMMER, e=le-6 N FHHT, NABEHLEL. Dice it
RRTEXIREZE, SEBIATHE G BCE SR MRIEBR R IHEE . IREEHIRRA L1 4%k
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Ly =|D-D

pseudo

=(H W) D, [D 0 )) = D (02 (11
S TR S R T 29 2= 0.5+ 2= 0.1, VRREHURALT A HUBUEZ X B, SN VRS
SN IE BE IR, 3o 4N E 45 SR £ 522 TR

2.7. DASH-Light: ETRERENRETF

B A PR 5 7 Ik s T s R PR AE AR e B AR E AT 22 e 03 b 5 ) R 2 ok () 1 €/ B3 22 S
ORISR, T 3 v Bk e T DX S A S I 3 1) FE A R (ML 21 28 1 8 R 3 06 AT IO IR WA 528
EEXIX—4tE, AHEFCHEH DASH-Light, —FiIE i MR B G THR A (4R AR A

DASH-Light ¥]% 2% £ #:) 5 DASH-Net FA —3, ME—XAIETHRERBM AT . G AEER
xe R, FEREM AT

Diighiness (X) = (x5 + x5 +x, ) [3€ R (12)

X T Fp Bk %, BT X kil o R PR A (I . SEEIEIENR), IR T4 - i
B ot B B AR :

Dy (x) =(xz +x;)/2€ R™ (13)

RS EEEAEN CONEREEE” SNIRBEAG T o SO AT AR B I B ISR, ADEE R S B R SRREAERR
R B DX R T AR5 1 “TUIRE” B “URE” A8, e EEB M X NT “RE” Bk & “ LA
SETEAGREL” HSENg A8 1 DPT R RTHRIT, SR EARE S EEN AR ERE, BR—M

“HIRE” ARELR.

3. SEHEER
3.1. SCHEZETS

FT A S2567F PyTorch HEAL NSZHL, YIZRIAE A% 10 GB E.A471 NVIDIA GeForce RTX 3080 GPU.
AL E : AdamW FALBR(FTF 1 x 1074, BEZNRL S x 1074, R5ZIB KM SGD MALB(F T F 1 x
1072, Zh& 0.9, MrhhatEE, step size =30 epoch), HLE AN 8. FrA AL 200 4 epoch, R
I 1F4E Dice M MBI, Bt LIRS AN #k ImageNet Tl 2540 & .

3.2. jEmhsCIg

NIGAE DASH-Net #2014 (1045 %tk AWFACAE ISIC 2018 EHHT 7 RS HITHE AL, 45 Ran€ 1 pr
TNo 4 U-Net ] Dice 4 87.01%. WSIIIRBEE R 1503 (A = 0.5))5, Dice 127+ % 88.39%, FKIIRFEHH
BB R o BIRARE A s ks . 3 — B IR i A RB (w =0.1)J5, Dice #2F+ % 88.59%. &%
f) DASH-Net BU /3 f A E(Dice = 88.99%, Jaccard = 82.02%, Sensitivity = 94.20%).

Table 1. Segmentation performance of different modules on ISIC 2018 dataset (mean + std)

= 1. FEEHRIE ISIC 2018 HIFE LRI EIMHEEAIE £ FRER)

LR J1(%) DC (%) Acc (%) Sen (%) Spe (%)
Baseline 78.99+0.81 87.01+0.57 91.17+0.97 9227+0.71 90.87 +0.74
WHRE S J1(a = 0.5) 81.08+0.68 8839+0.34 91.80+029 93.12+0.58 91.10+0.78

WHREER S + IR EB(=0.1) 81.46+0.56 88.59+0.31 92.03+020 93.18£048 90.17+0.28
DASH-Net (58 %) 82.02+0.16 88.99+0.38 9220+0.72 94.20+0.58 89.14+ 0.64

DC: Dice Coefficient, JI: Jaccard Index, Acc: Accuracy, Sen: Sensitivity, Spe: Specificity.
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3.3. KR RBNERBM ST

N R TR P A RA L 2 R A R AN TR Ay (R AR LA, ARHIFFUAE 1SIC 2018 kAT T WIS 18 2R 5125,
GERWIR 2 Re 2 =05 2,=0.1 i, BAESRMLEE VERE(Dice = 88.99%, Jaccard = 82.02%). 4q=
0.3 i Dice [ 88.69%, Ut IR L M B o LA & 2 FEULFASEL A B VE FIES: A R(n 0.5 Bl & A»
=0.3)5 Dice [ 2 88.78%, Wit FE w4 F B 2 T IR FERHME M PR E 2T 0 A, =0.1 &2 — N1
MIHE,  REfgAEAN ik 35 520 X 340 RS FE I T B2 N ARG THA A &

Table 2. Performance of different loss weight combinations on ISIC 2018 (mean + std)

F2. TEIRKINELHESTE ISIC 2018 FRIMEEIIME + HREE)

Aboundary Adepth I (%) DC (%) Acc (%) Sen (%) Spe (%)
0.3 0.5 81.59 +0.81 88.69 + 0.49 91.75+£0.76 94.58 £0.45 87.24 +0.78
0.15 0.3 81.74 +0.85 88.78 + 0.50 92.14+£0.28 93.38 £0.30 91.25+0.51
0.1 0.5 82.02+0.16 88.99+0.38 92.20+0.72 94.20 +0.58 89.14 £ 0.64

Ad: depth loss weight, Ab: boundary loss weight.

3.4. NEIETMEERERR T

J9VFAl DSCA BEH AN [F] i &5 B T HIFR A, AW FUAE ISIC 2018 EXTLL T =Fhdmidds: J5A4 U-
Net [6] (7.85M Z:%0). ResNet-50 [36] (23.5M ZE0)A1 PVTV2 [21] (26.3M Z%0), Frf & TN IIZGE
H1 ResNet-50 & PVTv2 ‘BT BT FITIIZAE), 2587 E 3 fim. PVTV2 B THASH LT RE(Dice
=90.61%, Jaccard = 84.12%, HD95 = 16.18, ASSD = 6.66), & & T U-Net fll ResNet-50. PVTv2 [{]&F
AW Transformer 22448 1 53 122 Patch #x N5 25 (R 400 = upLEER (1 T B 5 1 2 R R IR, 5 DSCA
PEHE R R 47 5] . ResNet-50 1E 91E48 CNN BT, YEREN TP Z [H(Dice = 89.80%). U-Net BIAS 4
N, EREILE] 88.99% Dice, TETHHRIRZIRZ = T AALHME
Table 3. Segmentation performance and computational cost of DASH-Net with different encoder backbones on ISIC 2018

(mean =+ std)

%% 3. DASH-Net XA RIRIEEE THRE S EIMEE SITERARJSIC 2018, HE + FREE)

WNes% #MS% FLOPs  #E  JI DC Acc Sen Spe

Backbone M) M) (G) (ms) (%) (%) (%) (%) (%)

HD95 ASSD

82.02 8899 9220 9420 89.14 2093 8.11
U-Net [5] 17.49 13.50 48.22  22.57 + + + + + + +
0.16 0.38 0.72 0.58 0.64 0.17 0.64

8299 89.80 9326 9423 9129 18.19 7.18
ResNet-50 [18] 41.76 32.69 17.40 2098 + + + + + + +
0.55 0.60 0.78 0.31 0.98 037 0.18

84.12 90.61 93.67 94.64 9131 16.18 6.66
PVTv2 [15] 27.69 26.29 7.01 15.97 + + + + + + +
0.62 0.56 0.51 0.29 024 019 034

Params: parameters, FLOPs: floating point operations.

JL4E DASH-Net 7E I 2R B R 22 AT 45 W B 75 BRI R FE A 2% (S 31 0 28.2%~30.6%, W4 3),
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HTEHER N BOZ o S e 558, AR ERRGE T8I 0.1%~0.8% (U-Net [6]: +0.11 M, ResNet-
50 [36]: +0.11 M, PVTV2 [21]: +0.03 M), XA#KIHT DSCA BHRIFEER 1 x 1 B MLP #:4E.
MIHERCRE, PVTV2 211H TRI &M : FLOPs X 7.01 G, #EHHENE 15.97 ms (62.6 FPS), % U-Net
(6] T-(48.22 G, 22.57 ms) 7 A BFAK 85.5%A1 29.2%. {HFIERE, PVTV2 () FLOPs %4 3 25 T H
RT3 A% 2% FLOPs (5.10 G)5 ResNet-50 (5.38 G)Ab T-[dl— &%, (HILMRIDEE 3 2 Rk
HREid 4 x SRR E P2, B4 T U-Net ' 4 EZ 5 REE B4 H (4 2% FLOPs
BlJA 14.68 G). 48 & KA, DASH-Net LIAR/NPHEHEFF 45 (S HEE N < 1%, DSCA <0.11 M)#eH 7 &
FZHYEORE AR T, HaE kR EE T A0 PVTV2) Al #E— KIE R SR A, B R I PR & 5
RGN

3.5. (R B B B 1 RE RO 2N

AR TR FBE BEIAEAt0RS FEE X e 24 o FIVERE I B2, A FEXF L T float16 1 float32 PFIRG FEA% 20, 25
RN 4 s A float32 ¥ A7 O R BE IR, AR HUAS BEAR (1) 43 %1 VE B (Dice = 88.58% vs. 87.80%)
float16 &AL EIR T k> S0%IIAAAE RS, (HIRFEE RS B4R 22 & FF 2 DSCA sk, SEUEIEE & 1R
HEIPE IR ZE, R BRI RS SRUE B T O IR B L T B LSS, MRk
ML

Table 4. Performance of different pseudo-depth map storage precisions on ISIC 2018 (mean =+ std)
F 4. TEIAREEF#EREELE ISIC 2018 EHMEEGIE + fREE)

PR J1 (%) DC (%) Acc (%) Sen (%) Spe (%)
float16 80.37 +0.51 87.80 +0.35 91.82 +0.23 91.37 +0.68 91.66 + 0.96
float32 81.71£0.79 88.58 + 0.44 92.30 + 0.21 90.96 = 0.78 93.36 + 0.53

3.6. ISIC 2018 ¥iEEE _FAYRFEL 218

HNEHPFE DASH-Net HIPERE, ASWFTORE LS N R E R FIFILAE ISIC 2018 EREATXTEL, 404 U-
Net [6]» UNet++[7] MsRED[11]. PFD-Net[12]. WinGraphUNet [22]F1 DFAFormer [23], Z53403% 5 Fr
7~o DASH-Net (U-Net H T)7E Dice (88.99%). Jaccard (82.02%)F1 Sensitivity (94.20%)=3if&¥x L5 F
BT Lok, AS AR 7.85 M. {2 PVTv2 F T DASH-Net i — 24 Dice $27+ % 90.61% Jaccard
PRTFZE 83.58%. AIALALXS LNl 4 7R . DASH-Net (i kki 558 0y Py Bk, JUHAEL FBORI X f5k
(% 1. 3AT)MIBACES X IR 28 2 17) R R H
Table 5. Comparison of segmentation performance among different networks on ISIC 2018 (mean + std). Bold indicates the

best result, underline indicates the second-best result

5. TRIMLEE ISIC 2018 M DRI REXEE(IOME + FEE). HEARMER, TRILARMER

BHE
e /(ﬁ)i 11 (%) DC (%)  Acc(%)  Sen(%)  Spe (%) HD95 ASSD

U-Net [5] 9.42 7899 +0.81 87.01+0.57 91.17+0.97 92.27+0.71 90.87 +0.74 2528 +0.87 9.70 +£0.43
UNet++ [6] 9.16 79.45+0.61 87.45+0.38 91.59+1.07 92.72+£0.52 91.49 £ 0.67 25.66+0.68 9.40+0.20

Ms RED [10] 4.02 80.60+0.83 88.00+0.79 91.44+0.32 90.75+0.86 91.96+0.36 23.73+0.45 9.04 +£0.46
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PFD-Net [11]  28.89
WinGraphUNet
[25] 16.90

DFAFormer [26] 53.30
DASH-Net (ours) 17.49

81.83 +0.57 88.94+0.50 92.26 +£0.64 93.64 +£0.28 91.34 £0.49 21.80+0.45

79.08 £0.49 87.09+£0.61 91.21 £0.87 93.80+0.81 89.48 +£0.48 20.61 £ 0.31

80.57+0.33 87.69+0.44 91.57+0.90 90.81 £0.92 93.03 +£0.34 18.37+0.54

82.02+0.16 88.99+0.38 92.20+0.72 94.20+0.58 89.14 +0.64 20.93 £0.17

8.17+0.93

8.40+0.14

7.59 +0.74
8.11+0.64

TN

L vevvevere
o % % % %

b e
Imag

Ground Truth

Unet

Unet++

Ms RED

PFD-Net WinGraphUNet DFAFormer DASH_Net

Figure 4. Visual comparison of segmentation results on ISIC 2018 dataset (red: false positives, blue: false negatives)

[& 4. 1SIC 2018 #IEE ERRF AN SRRt EL(LI & R,

3.7. BB EIRE LRNTRER

JN&AIF DASH-Net K DASH-Light 7E & ik

e fREAt)

T B R, AT FULERLAT i ik e T A £ Bk

1T T XTSRS, 455056 6 frzn . DASH-Light fE 18455 FHUS 5L Dice (88.60%)F Jaccard (79.89%),
BT IR 715 (MALUNet) 7 A4 T 0.62%F1 0.91%. DASH-Net (i F 52 B4 QHR) A R B 57 (Dice =
87.98%), FwilE 1 5 B AT SR A R4

Table 6. Performance comparison of different networks on the venous malformation dataset. Bold indicates the best result

= 6. NEIMLKEIERFBKI BIESR LR REXSEL . MR ARMES

EES 1 (%) DC (%) Acc (%) Sen (%) Spe (%) HD95 ASSD
U-Net [5] 45.79 57.73 97.70 71.98 98.37 58.60 20.12
UNet++ [6] 41.96 53.05 97.61 66.03 98.38 61.89 22.95
Ms RED [10] 4275 55.07 97.68 67.80 98.55 70.89 24.70
PFD-Net [11] 53.76 65.70 98.37 76.12 98.92 43.89 14.16
WinGraphUNet [25] 51.72 64.17 98.26 76.65 98.80 45.23 14.46
DFAFormer [26] 4991 61.98 98.13 71.56 98.98 42.61 14.89
DASH-Net (ours) 50.15 66.80 98.35 71.69 98.91 30.21 10.78
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AT sl 5 Bz . DASH-Net 712 544 EEAN/IN B bRkl 77 i B B A 5

A AR

Imag Ground Truth Unet Unet++ Ms RED PFD-Net WinGraphUNet ~ DFAFormer DASH_Net

Figure 5. Visual comparison of segmentation results on the venous malformation dataset (red: false positives, blue: false
negatives)

[ 5. spkE RS EAE A AN BT UXILL (I R, EE: JREY

3.8. ALBE R SIRERHIEL B

AR FXS T AL B LE ISIC 2018 LRI, 455007 7 . SGD + Mirkh =X aE i ks B s
5L Dice (88.99%) A1 Sensitivity (94.20%), 1 AdamW + &5%iB K W& 7E Specificity (91.24%) LH& L. #5
T SRS 1) 22 S 2 BAR A R SIGH L. SGD it B 7EZ) 80 epoch RIIAFIFE, 1M AdamW LB 75 24 100
epoch.

Table 7. Performance of different optimizers and learning strategies on ISIC 2018 (mean = std)

F 7. TEMRMNBRFSIHEMLE ISIC 2018 LHIMEEIME + FEE)

Sipme | M ) DC Acc Sen Spe
DALy = =51 i %) %) %) %) %)
AdamW + £3%3E K 81.81+0.90 88.81 +0.66 92.18 £ 0.51 92.51 +0.69 91.24 +0.57
SGD + ¥ =8 82.02+0.16 88.99 +0.38 92.20 +0.72 94.20 + 0.58 89.14 + 0.64

3.9. JEIiE - RE XA TTHLLIEIE

NYSIE DSCA BEBRGE R HIE N | AERFEIEIE 5 W03 R R 2 IR R AORHE, BT et 17—
T AL FR >TSS . M ISIC 2018 Wi AE  BEHLILHE 50 FKIEHR, K5 DPT A= BRI DF IR L LR R Rl 70
=ATF R R KGR EAEHER AT 20%) )= KR EAEHEA JE 20%) A1 5t XA . Xt
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K JZ DSCA (attn_out, C; = 64)FIFEANEIE, 2 THE HAE = AN X EH-F380S 8,  JEiET Min-Max
H—1k.

AR O 64 MNMBEIE > N =35 1) IR)ZMIFEIE (Deep-Prefer, n = 23): IR)Z XIS > 0.5
B 5 XS <0.1; 2) B S ilfiBiEBG-Prefer,n=20): 5 X TEE >0.5 HixZ X%
BE <0.1; 3) JAEE T 1MLiEiE (Non-specialized, n=21): AL FIRAF %M. Fitas R 8 fin.

Table 8. Depth semantic specialization statistics of the last-layer DSCA channels (attn_out, Cs = 64)
2 8. KJE DSCA BIEHIRETE N FI LSt (attn_out, Cs = 64)

pliibEE S R REFEE  REPREGE RO A EE
Deep-Prefer 58, 57, 40, 22, 20 2.24~2.70 <0.001 <0.001~0.050  35.9% (23/64)

BG-Prefer 19, 61, 10, 51, 33 0.003~0.21 <0.001 0.87~1.06 31.3% (20/64)
Non-specific Hay BE - RE 32.8% (21/64)

Top-5 IR JZ R IFIEIE(ChSS, 57, 40, 22, 20)7ER 2 DX V0G0 fE ik 2.24~2.70, T7EL 5 XL
TN E(<0.001), UiBHIXEEIE L I “TRIZAEZ 7 AR . M, Top-5 T 3l i 1818
(Ch19, 61, 10, 51, 33)7ETS 5t X IR AP E 05 A 0.87~1.06, TWERZ XKL A, 1B EIEIE 71 519
i “RIZAS SR BFAE, Wl 6 R, dE61TTIEIE(35.9%, 23/64)TE =/ X I8 MBS EoN5), W]
BE G A3 FH 0 SUFE BR 45 M AE

K= ROEA BB JNESE L DSCA YRR 5 6] 7 G I it A =] R BE AL, 12 H
R 3] —Ff “ThEESr 17 ——HoEIE L TTIRE X B, I B A B R X R
S, X5 ARG “what” BB “where” i A ThARE S B B A HES L IAR M.

Channel Specialization in DSCA (attn_out, Cs=64)

3.0 I Deep Region
I Background Region

2.70 2.69

2.62
2.57
2.5
2.24
1.06 1.03 1.01
. 0.91 0.87
0.51
0.21
0.0

Ch.58 Ch.57 Ch.40 Ch.22 Ch.20 Ch.19 Ch.61 Ch.10 Ch.51 Ch.33
(Deep) (Deep) (Deep) (Deep) (Deep) (BG) (BG) (BG) (BG) (BG)

[l N
v o
L 1

Mean Activation Intensity

=
o
1
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Channel Activation Scatter: Deep vs Background (attn_out)
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(b) channel_scatter

Figure 6. Visualization of channel-depth association. (a) Average activation intensity comparison of Top-5 deep-preferring
channels (red) and Top-5 background-preferring channels (blue); (b) Deep-BG activation scatter plot of all 64 channels, with
red triangles for deep-preferring channels, blue inverted triangles for background-preferring channels, gray dots for non-spe-
cialized channels, and dashed line y = x as reference

E 6. @& - RE XA . (a) Top-5 REMIFEBE(ELLE)S Top-5 B RIBFBEER) K THHEREILL; (b)
£FB 64 MBIER Deep-BG HIEHRE, AB=AARBRFBE, HEH=ZANERRFEE, REESAEE
IMLIBIE, BikAy=xBELk

4. it
AT TR IR T —FE T VR - I B BE S EUR A B E . 65 5 BT BUR 1 BT
BB N R, 20 T S FEREE T B AR “ R 1043 BiX — 3852, DASH-Net (%0 AR

FET 2 8IS DSCA MEH, 1EM2% 857 2] “ MRS IE B % TR 2 X I, RS I N A% R 2 X
TGS — TR R BN (Y “IRBETE 2T o
4.1. (hREERNRES T SAHMERIR

—ARHE LR BER HELE : DPT £ B HRBE MR 1A ey O % B2 B B e s n iy 2 B IR AR LSk
WBLIREE, RET A BIFRME TSR0 ? AW F AN =AML T A Rtk . IR FEAt TH B R S 30 S iR A
J¥, DPT-SwinV2-Large-384 £ K5 ARG SR EREAT T H0IZE, #2028 7 FE K5I LLR, Wik
M) AL FEAVAR X ER S R 2R [40]0 2N T B PR BT BRI, X L8 5106 e 35 B A R 1R300 e [X 35K
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AFOT T i BBl Rz AR ThI i “ Pk ” B0 “TMIRG” RefiE. MWEUERGFE MR, 4 4 B0 R float32 K BEAFEAE )
P FE B (Dice = 88.58%) . L T float16 (Dice = 87.80%), ZEHHIL 0.78%, 5 B DI B I o A 2 45 {1 A%
1% DSCA FEH I RFIE I B B SRR . A B B P E AL f B, R RS B A A BT 55,
f P I SR GG 2 S ) AR 4R, AT RS 2 E RS AR 2t 2 o) S IR EEAR OGN 2 (Rl 2 IR, RULT 2
5525 2T R B E AL U

4.2. RESEEXRNGEF S0

DSCA BEHUA SR —Fh “ BB B e #” AL J8IE 2> SORIR IR TT z € R EILHZ MLP
WS BB E o, € RS, SEPLI “URFEZSIN” 3] “HRPAEZS)” (Lt . Wy SRIURARF IR FE
S0 W R H o BE R % 0 BIRFLIETE, 4% B 3h 52 51 A [FEIE 5 A [FITR R A5Gk

“EZEIE” BRI A SRR O BT B AR . 73 BIRFIE Foeg 1 G MNMEIE AT CAS “HEALA
JB7 IR a0 AT IBOR AT, BUE B ERFE R E o ac(k) BOKIIEIE B IR B (55 TR R K
), BUNABANH . 2 o AR EEERTER, B R mRER, EREEERE, RELS
fE e BT IEE MBI e BEIRR P SR R, SRBL TN “IHIEYESE " B “miT4EE” i

FAERN a HRFEAESEX I (RIPLIL FOMF AR, S5l « 2508 - diE” Bk
AR e LR AL R X, ARG AEIEIE E & & ROIRE R IORHIE . FREAETIIR Ty WIERL
N0, IZEYIY DSCA AR JFAGHFAL, FEE TR M T T SEvEsRTt, o IBHTI R, REEERINE P 373
FIEF RGN . XA AR 5 HENE 8 S 1 IR AR B IR 220 20 BIE 55 (K T3

4.3. AR EEHHIRIEREX

TE R Rz W, ik SRR 2 ABCD AN A% O FR bR 2 —[2]. AHIFFL IR0 54 B 45 @it
##s Canny 144 iS5 Hausdorff 5 BG4 2% , il AUHIE I R 5G5S g A BB A4 H B - 34 Canny
WS A TGN BE SN (T,,,, = g —0.5-0¢, Ty = e +0.5 0, HILIEE BERMMRHBET: AFEpIEEA
AN AL GATIN S5, RT3 B0 05 b 75 BRI 0 A LA SR e B 7, /iR, 7t
T T A3 e DO T S P 2 v R A LA B e 75 T o AN SRES 45 TS Il S B B 5 HD9S M 25.28 F£ % 20.93
(117.2%), ASSD M 9.70 B&% 8.11 (}16.4%), AR EHE L.

4.4. FR4

AT FAEAE LA SRR : Dy 1 5 B 32 BR T DPT 7Y [ 45Uskoz Ak e 77, 150t B Bk B2 R 4% %038 DPT
DA A= 3 B o ) AT B TR FE R AR SR 7 1) o 4 AT SRBRANAE 2D R BT, DSCA BB 4t 5 1)
R IHEIRAR AT E 2 3D 2 E(I0 CT. MRI). Ak, B kIS8 SEAAR G BN 8T kKR, FHE
BRI PR B 4 33t — B I84IF DASH-Light f7Z fLEE T
5. &5ip

A3CHEH DASH-Net [ DASH-Light PiRh iR FEEEN 7 BIMELS, #2008 e Tl vk 51 T 1 2=1a) -
THE XA AR (DSCA) 2 7 — 4 MG ARFAE 18 18 5 W3 328 30T J2 U0 2 TR & N T . BT, DSCA
T Ik 7 1) R P VR AN B X SRR A ), I ok SR T A D R R T M B S 2 TR R IR
MISCHVRIEIAIE, FFE I m 2 3] (R 22 48 T S B s DL e sl A o DI 30 FE A 1) R T R i —
IR T “IEIE - MUHEZE RO AE Ry —FhidE A TS = i R A A5
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