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Abstract

To address the challenges of accurately capturing complex nonlinear patterns, model interpret-
ability, and the limitations of traditional fixed nonlinear activation functions in medical image
segmentation, this paper proposes a novel Dynamic Kolmogorov-Arnold Network U-Net (Dy-
namic KAN UNet, DKAN-UNet). This network builds upon the classic U-Net encoder-decoder ar-
chitecture by introducing an innovative Dynamic KAN module (DKAN Block), aiming to achieve
feature-dependent adaptive nonlinear modeling. Specifically, the DKAN Block incorporates a
lightweight Non-linearity Adaptation Unit (NAU), which can dynamically adjust the parameters
of the learnable activation function in the KAN layer (such as the grid points or coefficients of the
B-spline basis functions) based on the local characteristics of the input features, thereby provid-
ing customized nonlinear transformations for different regions and semantic information. Addi-
tionally, we have designed a multi-scale dynamic KAN fusion strategy, deploying DKAN Blocks in
both the encoder and decoder and achieving adaptive nonlinear interaction of multi-scale fea-
tures through skip connections. Experimental results demonstrate that DKAN-UNet achieves sig-
nificantly superior performance on multiple medical image segmentation datasets compared to
existing methods such as U-KAN, while significantly enhancing the model’s nonlinear modeling
capability and interpretability.
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1. 5|8

&2 R o RIVE N 25 B o A R SRR Bk, FESRZ I, 1R I7 BRI DL A TR 3 M 48 i R 3
RILEATTBAER . R B BB BlRe 08 e AR A I X E AR B, HBhIm R Oesi, A
MR E R THERIT RS B B E AR . SR, PR BRI 28 M . 2R DL RO ok DX S T 28 AN R A2
R RSB B VI R 2 UG S BT R THI I 1 2 Pk K o

AR, L U-Net [1]94C3R BOPR FE 27 ST AE B2 2 EUR 43 B USRS 1 R EEFE . U-Net & AHH
LM g DS - MRS SR a5 Bk EERS, A AELS T RS S RTE S B, Oz ) 2
Fo fEUCEEA B, WEAREAIREE T 250 U-Net 484K, 41 U-Net++ [2]. Attention U-Ne [3]5%, i oeidt
ggatt) . I NER NI X, i — BT 7otk RE W, &SRB I 45 (CNN)7E AL B
52 2 A 2R PEASE ORI R B B AR T AP AE SR BR 1, HLIL “RAR” PSR T AR A 2, X
FE X R e 5% 375 P R S SR A v R 7 ARUO0 R S

T RS CNN H R BRYE, Kolmogorov-Arnold Networks (KANs) [4]F0 H B 28 X 48 AR 2k
A RS TR AL A » KANSs J£ T Kolmogorov-Arnold 7 & B, 18I 1] 5 2] (FH0E B 52 &
AL GERH 22 I 2% PR [ 78 8005 BRI B0, AN T ZE DR A5 oA 52 1) [R) I . 25 3R T 7 AR AL A Pl A% . KANs 7EBE
W EEAAHRERBCEITRE ), T HHBOE KT DLE BT, A BT B AR A 2 ) B R ZH ok
Fo EMGAESH, U-KAN [5]H X530 KAN 51N U-Net ‘B T W25, & 7 BRI A2 v @i /) A
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AR . SRTT, BA KAN B, 4G U-KAN, 8% K H [ € B & 1 KAN 211, B-spline 5& K301
P rd B 2R HAE W o A ot ] T sl 0 i S m AR B ), RBE AR /A KAN BTG R 7). B
FERGRRAER 2 H 28, A X0 R E T e f5 A R ARt Ae e . fldn, UK ki 2T e
LB R R AR A AR RS T ) By, T 1 S DX ) AT R 7 B T R R MR A e A o ] € KAN A
PAFE 70 NI A 2 e, AN BR 1] 5 AR 5 2% B2 2 R o I 5 P i PR g
AL B iRk, $2H—FHi 241304 Kolmogorov-Armold M 4% U-Net (Dynamic KAN U-Net,
DKAN-UNet), H T ki FE 2= 27 BB 5 B A TR AZ 0 B AR 2 ik KAN B3R It AR g ) 50 5 B Bt 7,
{5 L RE M AR YR 40 N ARHAIE 1) S R 1k 2 25 U B s ek . AT 3 DT R4
* 233 KAN U-Net (DKAN-UNet): — R R B 22 R HIM4%, B AE U-Net 2844 51 ANZhZ
KAN 8, SCHURFAE AR S R AR 2 A, DT SRS ity Ml 4l 3 1 2 PR b ) S 2 B
o WitaIA KAN BiHY(DKAN Block): 1ZBHALE — M EIHT AR % 1 B B2 75 (Non-linearity Adaptation
Unit, NAU). NAU BERHRHE5 N FHIE B98N AR R E,  ShaS il KAN JZ A aT 22 > 0 sk 4
W24, AR DX R S SR A E Hl A I e 1t AR 46
o PEHZ RS KAN flE Hms: 78 U-Net F)gmid 45 fARIDES 8% DKAN Block, Hilid BkERiERE
S 2 ROBERFAE 1) B & AR GRS B, B ERAEAN[R] 23 28 T AR REEAT w2 R H. B & R R AR AL 2
o ML fEZ N ATFE BRI LT 2 525, BeiiE DKAN-UNet 757 FIH 5
THERCR AN R T I AR, IR 5B SOTA J7ik8T T PEAIRT L .

2. XIE
2.1. U-Net R E T

U-Net T 2015 4, HAPH Mg ey - fRidas 450 DL BRR %32 skip connection) i it, fHIL7E
VS B r EUE S S T BRI . GBS a3 0 DTk B RSB R, TR A8 ) A7 SRS i 1 e
BRI G 2% HH AN [F) o HER (R E B B AR 1B 8 DA%, AR TR EE, #% T T RIE
ARG R K. MG, U-Net Uk 17 KEGE T, ML ARZ . il U-Net+ 5] N T HE R %
SEBRBRIERE, B A5 S A R A AN 1R RUEE R, 6l 20 5 25 R0 A A 28 457 10F 1 2 R] 1 1 U574 o Atttention U-
Net MIFEBRERIESE R 5N TS T 10U, (EA5E 8 G 08 TN oG 5 70 BIE 55 A0 DGR X3, HIHIASAH ¢
T 5 DXk R AE W B, AT R TH2> EKS B2 . 3D U-Net [6]#F U-Net ¥ & 21 =4k 2 1% 0 %), & HF CT.
MRI %5 = 4EH 4 . 1X 28 U-Net AL LR 2 BUG o BI85 E A, (HEA] 208G e, 7ERik
PR B AR A P A AR AR 2 M 5C R 07 MDA AE [ AT SR B A%, DU R A8 RG] e B2 S Joa PR B 2R R 45 K )
P22 RGN, FLI R 2t Wi R D0 AR AR AN 2 DURS A A BT AT 4815

2.2. KAN R HAMEE SRR

Kolmogorov-Arnold Networks (KANs) & — 3 84 {22 0 2% 28 4], H 28 B Al T Kolmogorov-
Arnold KRB . g AR, AR TIELE M) 2 70 ok B0 n] AR R AT BR A BAR & iR BORT N3 S 20
o KANs H1X — HUg B T M 45 Beit, B AT 2% >0 1 538 B0 R BB AR T AL 2 2 )2 I A BL(MLP)
w1 [ 58 WO B IX PR BT 4S KANs B S aR HE 2R ME B RE D AN FE R n] B . S G &
W 2% FH EL , KANs 75 5 L6455 _ERetg DLSE /b 1 2 808 21 58 m B0 2, I B30 o6 20e] L EL R AT AL
MM R R 2 2] B R BB E R R AR S T, U-KA 2% KAN 5]\ U-Net & M2 )5 IR
i, W AE U-Net R A\ KAN =, $2Th 7B ) R 2 MR @A ey AR e, IR A B2 2 R 40
AR AR 55 I T 70 41, Fun KAN [7]58 TAEWARER | KAN fEE 22 BG AL # i R . SR8,
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B KAN B R IR PEAE -, 20 K0 KAN R 350 B 4OEC B (A0 B-spline 4% 5 107 B 5 3% 40 /2 il
WELA R RN, B2 0 N RFIE K R0 B G R . IR RS KAN SR AE AL B[R] X 4B A [R]
RRAERS, HARZRIE AR HR Gt — R, IR T H AR b PR 7 IR b i B2 R AL AN 22 e A ST ) R 1k
ARSI

2.3. FIFEMES BiENIELM

BIAS M 4% (Dynamic Networks) [8] MRS A2 T X 45 45 M B S B RE AR R S N B0 2 A5 A8, PSR mdsd
T IE PRI o IR B AR TR PR B 22 ST A 1S 2 1 )32 9%k, Bl an2& 115 (Conditional Computation)
1% IR A (Mixture of Experts, MoE) [91#78, A i@ I 1713 A il KR 458 di N\ 358 126 P b s ) 26 (R AN TR 38 40
B R T M. AR TR, FIE RIS K $(Adaptive Activation Functions)il Swish [10]. Mish
(11155, DAL A A2 SHIBOE R A 12], #8B 7R AR 2tk 58 0 S8 Bt . X B8 T7R R4 N
25 bt T EEBR I RIARE /7, RS ST A M G R I R 2. AR, KBS M4 5 KAN N 72 AT R
PEA S AH 55 FWE 70 i A0 T SR B AT PR 2 245 19X 4 30 00 6 T O 4 ) 25 S e B, T D Sl
TR B ) Z) A, JUHRAE KAN XA DURT 2 2 B0E B2 DI 3R . AR ) DKAN-
UNet IERHA X —2H, @5 ANJELMER BT, L7 KAN BUG R sha %, A LE R R
KAN AR B A, 255 8 o A2 1) o B AR R M AR R )

3. &3XA3%: B17 KAN U-Net (DKAN-UNet)
3.1. BFEY

A HIBhZS Kolmogorov-Arnold %% U-Net (DKAN-UNet) /&3 T 28 #Lff) U-Net gmfidas - g o
BEREAT T ), BRI SIS KAN B SEIURFAE AR B B JEZE P E 215 . DKAN-UNet %4
ZERIANIE 1 BTN W4 B — AN XS BRI Gt 2% AN AR D 2R 2R, el ik Bk R4 (skip-connections )4 4G 25 H (1)
Z RIERHEAL 2 D 2%, DMREE S RATEE . 5145 U-Net I FZ X HI#E T, DKAN-UNet 7£ 4 id#%
MRS ZR RN B, B R BT AT H 0313 KAN BEH(DKAN Block), ML 1)
A 2 1t AR H6t e A AR i N AR IR 0 = 0 AR P AT B T R TR

RIGEFER S EIRD

ZRES KAN @8
_______ (Mult-scale '_Jy_nTni_c KANFusion) __ __ ___ - -

7 DKAN Block J§i&121F
LR O e B

SREMS KAN @S
(Multi-scale Dynamic KAN Fusion)

BlARE

() @R = DKAN Block (3 NAU)
‘ LIBETk = TR#¥ (Downsampling)
f BEFik = £ (Upsampling)

- =b IEBES = PERRESE (Skip Connection)

Figure 1. Schematic diagram of the overall architecture of DKAN-UNet
[ 1. DKAN-UNet {2 R EE
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i T S STIRD T SRR BB SRR [FJZ R T8 SCRAIE - RS B 2 B BUEL S 45 T DKAN
Block, X EA%iHuim i H A SRR MRS B B C(NAU)ZN A T KAN EIBUE RS, DOdE R A F R
BERFAE AU AR LN AR T K o RS &5 30 20 W T SRR AR 0 W R A I (K 25 [R) 2y 6, R e R
NGRS ER R R AL AT AN FE o ARG a5, FATIAFE AR | DKAN Block, 456 % REsIE KAN
Rl G, B ORAE AL AL A IR T B R AT B S N AR LR AR B, el RO I B AR

3.2. B KAN #ER(DKAN Block)

DKAN Block 7& DKAN-UNet A% O BT, & 7B SCBUARFAE AR 1 R AR 2 . — > DKAN
Block [ A MU FE] 2 BT 7R o AR EL RSO NRFAE B X e R™7C, JR4i i &5 1 3& B AR 2 MR AR s 1 s
?IEIE[ Y c RHxWxC .

FHERE= (KAKQI;‘_aE er)
(Feature Extraction) 4
BNRHEERX __y 1 EIEBK p ELHERY
(Input Feature) 8% Coind, bR Ret U | (Dynamic Params) + (Output Feature)
1

B BT
(NAU)

Figure 2. Schematic diagram of the Dynamic KAN Block (DKAN Block) structure
2. Zh7s KAN #35R(DKAN Block) 45 #/~ 2= [&

DKAN Block F= 21 BL T JLANER 50 4Lk :

1) FHERIZ: B8 AR AMERZE, HT RIS ARERRAE S . ZXERHR)Z0] Dk

EHR IS . UG EARBERE, AR SRAEEM G N i E E 1 B R UE R

AE 2814 3& M. #. J6(Non-linearity Adaptation Unit, NAU): X /& DKAN Block R8I H . NAU & —4>
BRERN M, HEEMWME 3 Fs. EEBUFERDUZ M5, JFla — RP0EE@ W, 4 )m 15
o T EIER R BN B RUR)RAE R MR IE R By, = NAU(F,) - BIFAE Y, BEE
F 9 KAN JZH ] 5 2 0d s 8 25, %1% T B-spline ) KAN, KAN ZE A HETT kM
T REL g () FTRAFRIR N B-spline 2 pR SR G 4L 65 -

COMPONENT2: COMPONENT 3: COMPONENT 4:
INPUT GLOBAL AVERAGE ~ FULLY CONNECTED FULLY CONNECTED COMPONENT &:
POOLING LAYER 1 LAYER 2 OUTPUT

P

\ ; Global \ L
F, | Average | FC Layer 1 FC Layer 2 Adaptive
in * »\ » »
! Pooling RelLU Sigmoid Parameter Vector
| ERWEE. ] p (GAP) | d,,.., dimensions

% -

1x1xcC C—Cir Clr—d,,, ‘ ‘

i & Dynamic
Predictor, - Predictor, KAN
{c} — B-spline Coefficients {t} — Knot Positions Parameters

Figure 3. Schematic diagram of the Nonlinear Adaptation Unit (NAU) structure
3. FEEMER B TNAUSHREE
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4.(x) =2 e, (%) M

Hrh B, (x) 7 B-spline JER L, ¢, AT RE. NAU BERS S5 TIOR8 524, sl I B¢ B-spline
F B AT i (knots) P2 B, Bl
{ck i}k = Predictor, (Vadapt) 5% {t j} _=Predictor, (Vadapt) )
S ;

AT, NAU (645 KAN R IELPE AR B B BE R, TR M AFEA R B8
EYARE, TS B v B R AR 2 P T

2) KAN Z: $RUCRHIESRBUZ %, JERIH NAU 303528 BN SHORBC B H AT 2 ST 3OS s, X
EWRE KAN RN AEL IR A B /G, MRARIE AR R R 3T E L. ln, *f T
B XK ARAE, KAN JZ AT RS >) 25 BEE 1 30 8 BOR SR Uk 5 X T 5 Xk, mT g
5 3] B TP A R ORI 75 . XM AR RE D B0 T KAN FEACBE S % B2 22 BRI R
K RE S AURE R -

3) FRZEER: AT RBIGAE RS, DKAN Block PR LLEL &R 72 18Rz, REARFIESREUZ
H BRI E] KAN JZ R4 b, A BTS2 B0 V8 2K il AU Ik Use 8o

I ONFHIERE X e R™C i Seilid R AE SR IV, SXJ5 HHATE N AR LR R N L TC(NAUY AT KAN J2 . NAU
MRAEHNFHEE B S48, H T E KAN JZ 911 B-spline WO R, 240 H 20 F G RN JR 4 AR 4
JEHIRHERE Y e R,

R TCERICRHE E F, 558 4 R T BB AL (GAP) K L R4 N RFAE ) &, SR 5 20 AN 423 HE(FC)
JEREAT A, Fe A T TN KAN 0T B 802 B il [ &

adapt °
3.3. ZREE KAN BA R
H W
2

£ DKAN-UNet [fRES 3 d1, BRI, 24 ESRS RIS RS £, e R2 27 153k 4l #8001k

BT £y, c R 7 HEATRRA, BT RS0 RN G T PR, o AL A
FoeRT T, AL G S % i A DKAN Bloc Hif 2 e I #. 7 (NAU)

cat

NAU IO R — AN TR A U], H i iR i 5 F

1) AR PR NAU B IR BORSE £, it BURA Sigmoid E BEC ER A
EVEE AR W, cR> > L U BV A £, TGN LGB RS AT 23 BT
SH R

W, =0o(Convy, (F,)) (3)

gate

Hof, o {8 Sigmoid B¥, Conv,, f&—/ 1 x 1 %M, FiIT E4HEE L AL .
2) BHENTRUS A A4 BRI TRRUE w5 A TR E BT £, 473570 % M1 T (Hadamard

), BEINBUG RHE £y, o X200 DR AR RARYE R SOE BN BRERE He A% 385 ) 4015 ReAE 2 AT i e A0
o
F;{(ip = VVgate © F;kip (4)

3) BA LA e SR SRR BRI £y, 5 b RRERHE £ ML, JFAS45 B NAU

A SHALI KAN B, AT B B R e, 350 &5 TORHE -
Ffused = IQANd)mamic (Fdec + F;I(ip ) (5)

DOI: 10.12677/csa.2026.163100 751 HEHUR 5 R


https://doi.org/10.12677/csa.2026.163100

HO

W

%

SR, KAN,,. 0 B-spline ZHCGREERIK ) B NAU 45 £, 4R B4R, WARQFTE.
S5 S B R F  MAR R I RS R O S J P RSB, (3 M2 ) B M A e 2 7 R,

MTIAEOR B AR IR, SEAp bR B SCER, BRICREERTI, IR MR ERHIE.
3.4. BKEH

N T TEEFEMG BT RIS e fEPERE, FRATIRA T Dice Loss [13]#1 Cross-Entropy Loss [14]f4H.
GAE A4 R R L. Dice Loss A& — i H 0 B 543 1| XU B B2 R BR A, e nilid 12800 A
(1 2= 5 R 5y #I4E %5 . Cross-Entropy Loss W SRVEAR 3 0 I 73 RAE I o 45 53X P 437 2% R 5 AT DA
FRAT R EATRIR S, AR AR 2 5] B SRS A 6 4 F 30 S T E R R IE R R . B R R L, &
y‘j:

Ly = Lpy. + BLcy (6)

Hrf, L. %K Dice Loss, L, %7~ Cross-Entropy Loss, o 1 S & FETF AR TTIRINES 8. £
IRsEgtd, AT A IR E T M o« M B 1H.

4. XBWE5ER
4.1. FEFESIERE

N T A VES DKAN-UNet fIPERE, FRATEZ N AT =BG 5 B8RS FdkT 1588, .
o ISIC2018 [15]: BeJRBE IR E RS, H T RKWEDHE ZEOREQE 2R R R ERA, BAR
FI2E PN 22 S A TR AL, SRR i e 3 T B
* Synapse [16]: Z&E CT BB HIEHEE. ZHEEEOSTEHZNEEN CT BE, HEIIRE R,
BARER MRS, 5 B R & R B SCRE A R
* ACDC [17]: LJJiE MRI &7 RIS . 2R RS OIEAFALEK MRI B, HTr&0 s
O UL, AR F1 300 S e P SR A o
AR LT vPlfa bRk A B AL 73 B M fg
* Dice Score [18]: fiETHMLE RS HIARE M ESE, JEHEDN 0 2 1, (HBERR TR .
* ToU (Intersection over Union) [19]: %ZFf:tk, 5 Dice Score J5MlL, 2 & ESE M fIr, wHT HR
o A0 73 FAE 55
* HD95 (95% Hausdorff Distance) [20]: & Fll 57 5 FS0h 2 (A SR PR S 1) 95 B R, %fid
FREFEBUR, B BRI R a2 SRS 1
* ASD (Average Surface Distance) [21]: i & Uil 2% [ 5 SR M0 2 (AT 35 0E 55, $ Bt 79 31 X IR 4
TEARUCECEE I VPAL, B BRAR 2 7~ DT T R e s o
SLEGFERC % NVIDIA A100 GPU (IR #5 FiEAT. BAVEH AdamW RALEE, BRI Ny, JRH
RILIB K SR FE RS . ALK NEEE Y 160 FTrABEEIAIIZE 200 /> epoch. A TR AFLLEL,
B f EEAR Y S5 70 AR ) () S 50 v BN AT IR AN PPAl, GO T 2 . E0da sl o F e 2800

4.2. SFEESCLE

AR DKAN-UNet 5 2 Fh5e it (1 22 G 0 BB EEAT 1T XFLE, B4 U-Net. U-KAN. L
J HAth 3+ Transformer B¢ Mamba ] SOTA J5i%(U0 TransUNet [13]F1 U-Mamba [9]). #* 1 R T 1E
ISIC2018. Synapse il ACDC ##a4E I [1) & EMEREFRAR XS LL A R
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Table 1. Performance comparison of different models on medical image segmentation datasets

# 1. TRIBERAEEFEG D EIKIEE LOMREXILL

ISIC2018 Synapse ACDC

Y
Dice IOU HD95 ASD Dice IOU HD95 ASD Dice 10U HD95 ASD

U-Net 0.829 0.806  3.52 121 0.785 0.646 815 258 0.851 0.741 5.23 1.87
U-KAN 0.901 0.820 3.18 1.05 0.798 0.664 7.80 235 0.762 0.762 4.90 1.68
TransUNet  0.905 0.806  3.15 1.00 0.802 0.670 7.55 220 0.768 0.768 4.75 1.60
U-Mamba 0910 0.834 290 095 0810 0.683 7.20 2.05 0.778 0.778 4.50 1.50

DKAN-UNet

0.928 0.865 2.65 0.88 0.835 0.717 6.80 190 0.895 0.810 4.10 1.35
(Ours)

M# 1 ATLAF H, DKAN-UNet E T4 $dli4E 1) Dice Score. IoU. HD95 il ASD f#5r34 & &1 T
HoAhxf EEAREAY . X RIIFRATIE H 2h7E KAN ZERFN H S D AR LR P AR SR BE 05 A At B2 THASE 70 1) 7 51
i BE RN FAEHAE . FEHl /2 AE Synapse Fl ACDC 5 E L3 E 7 #IME5%, DKAN-UNet % ge4E 1
NI, XAF TR KM HE N AR AR RE Ty, RS S RS RAN F  E AR AL R A 5 U-
KAN #HLt, DKAN-UNet FJPERESETHEE—BIE B T KAN 2307 B80S i S 5000 A 2t

43. EMATRHER

B 1 BRI UL, BATEIR AL 7 RA RN R 2 BISE RS LR, PLEAT AT . Wi 4 PR,
AR 1 4E 1SIC2018. Synapse fll ACDC #4li 4k I, ANFEBAU T M BRI 2 FIROR . v TR
FA, AR T R O B 7 2R = T 45 R 5 HC AR 28 (Ground Truth) 2 8] 22 57

Input Image — U-KAN TransUNet DKAN-UNet (Ours)

1S1C2018

Synapse CT

4
=
Q
[a]
Q
<

Prediction Conticence

Low High

Figure 4. Visual comparison of segmentation results of different models on three dataset

E 4. TEIRBAE=NMEIRE LS BISERATIULRTEE

MFTHAC S R AT A M Y, U-Net £EALEE R 30 F1 N 25 5 7 AL OB B R 1) 70 1. U-KAN
TransUNet SR FTECE, (HAERSHS5 M 5970 7 XA RAFAEA 2 . HILEZ N, DKAN-UNet B85 7E B%
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ST SRR RIS, JCH R GRS B IERAL (W1 Synapse HUH 4R I IE S B IR AL,
Hor B RS B SR IV & S s . X752 T DKAN Block 1) H &R JELR M A RE /7, L REAEARSE
Jei s PG R AR B 28 VR B 0TS eR s, AT SRS b A SR DX 23 AN B PR 2L 23 450

T 0 SR BT BER AR BEREAT 58 1 A A, FRATTIE B AL 1T T 25 R xF B () #4 77 Bl (Prediction Con-
fidence Heatmap), Wi 5 Fion. #407 EEE A 220 103748 (0% B R R TR ME KB T B s
IR P EAE R, HhaefREEEE, WOMARRERE. XMa7r e iE i s A
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Figure 5. Visual comparison of heatmaps of different models on three datasets
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Table 2. Ablation experiments

2. JHERSKEE

A E Dice 10U HD95 ASD

Base U-Net 0.829 0.806 325 1.21

Base U-Net + KAN Block ([#] &) 0.901 0.820 3.18 1.05
Base U-Net + DKAN Block (& NAU) 0.905 0.826 3.05 1.00
Base U-Net + DKAN Block (NAU f#j4LHi) 0.915 0.845 2.80 0.92
DKAN-UNet (5EFEA5 ) 0.928 0.865 2.65 0.88

5. ¥ig
DKAN-UNet 72 [Z 2 G 43 AT 55 v R L S i M B, 0 3 BRI 7E F- 304N 1 (325 KAN 4244
T3 7 AR 28 P RS E . KAN 20k (10 AR VE B A 7 155 RS 05 90 B 2 2 B h 43 2 s T A A 441

DOI: 10.12677/csa.2026.163100 754 THEAURF 5 R


https://doi.org/10.12677/csa.2026.163100

RETF %

&

L5, T NAU B9 5 NG Fh R PR R 77 R AR 4 NRRIEEAT S5 TR, TSI RE 4l . BE A
EFXTPERIRRIEAL B . 2 REZZNAS KAN fil & SRmg gt — DAL 17 AN E ROBERFAE B, B OR 1 20 45 SR 10k
Y1 FE R A 1

R4 DKAN-UNet I3 7 R, (BANFE SRR, B2k, NAU BB TR o B AL (g 4
AR S EE, WA, FEEN NAU R ARMFI T .. ik, BRI T
KAN JZ AT AAL o BT, (B BE RN« B8 4 T Hb A0 A B DKAN Block (138 TAEMLHI, F#5/& NAU
WA KAN S80S, 57—t ot . AR TAERTDEFTELL N LA SRR ERER
(1 NAU %it, CARRARAE A (0 h SRAS s PR SR ik i T e T, DA3B /R DKAN-UNet Y5 id F2 17
JZIEH: K DKAN-UNet B H T8 2 ER =B TES, WBmin 25, Wkbaiieg, HRRHES
RS EE 2 BUG R & T 998 11, Biltngs & PET/CT 8¢ MRIGEEA BIMG, DLk THA Wik .

6. &g

ASCHEH T — M AR 317 Kolmogorov-Arnold 4% U-Net (DKAN-UNet), it 5] Az KAN A
HMEHEL & N AT, SR T B R o R rh IR AR AR 1 0 S AR Ve . FE 2 AT 2 R 7 H11%L
A L2 250, DKAN-UNet 7E70 EkGE E R F R T IG5k, FRERAL 7 T am A A my g e 1
FATHEAE, DKAN-UNet A&7 BHE 7> RIUSHL AL 1 — sz, i B TR pgsnia =, I ARk ignt 7t
TERE T BT 10 o

B O

TE¥ R EZ O SIS T HRBERAE AL R 48 TRE SIS T FRESRRMIRZIEIL,
I S R A AT T PR R AR W By BEAh, A 3 00 TR B 44 PP o e SR B Y A B LA AL

EL£mAB
AR R R R 3 R E KRR H (Y5 : 2024ZDZX004).

SE

[1] Ronneberger, O., Fischer, P. and Brox, T. (2015) U-Net: Convolutional Networks for Biomedical Image Segmentation.
In: Navab, N., Hornegger, J., Wells, W. and Frangi, A., Eds., Medical Image Computing and Computer-Assisted Inter-
vention—MICCAI 2015, Springer, 234-241. https://doi.org/10.1007/978-3-319-24574-4 28

[2]1 Zhou, Z., Rahman Siddiquee, M.M., Tajbakhsh, N. and Liang, J. (2018) Unet++: A Nested U-Net Architecture for Med-
ical Image Segmentation. In: Stoyanov, D., ef al., Eds., Deep Learning in Medical Image Analysis and Multimodal
Learning for Clinical Decision Support, Springer, 3-11. https://doi.org/10.1007/978-3-030-00889-5_1

[3] Oktay, O., Schlemper, J., Folgoc, L.L., ef al. (2018) Attention U-Net: Learning Where to Look for the Pancreas. arXiv:
1804.03999.

[4] Liu, Z., Wang, Y., Vaidya, S., et al. (2024) KAN: Kolmogorov-Arold Networks. arXiv: 2404.19756.

[S1 Wang, J., Li, H, Zhang, Y., et al. (2024) U-KAN: A U-Shaped KAN for Medical Image Segmentation. arXiv:
2405.01211.

[6] Cigek, O., Abdulkadir, A., Lienkamp, S.S., Brox, T. and Ronneberger, O. (2016) 3D U-Net: Learning Dense Volumetric
Segmentation from Sparse Annotation. In: Ourselin, S., Joskowicz, L., Sabuncu, M., Unal, G. and Wells, W., Eds.,
Medical Image Computing and Computer-Assisted Intervention—MICCAI 2016, Springer, 424-432.
https://doi.org/10.1007/978-3-319-46723-8 49

[7] Penkin, M. and Krylov, A. (2025) FunKAN: Functional Kolmogorov-Arnold Network for Medical Image Enhancement
and Segmentation. arXiv: 2509.13508. https://arxiv.org/abs/2509.13508

[8] Han, S.,Mao, H. and Dally, W.J. (2015) Deep Compression: Compressing Deep Neural Networks with Pruning, Trained
Quantization and Huffman Coding. arXiv: 1510.00149. https://arxiv.org/abs/1510.00149

DOI: 10.12677/csa.2026.163100 755 HEHUR 5 R


https://doi.org/10.12677/csa.2026.163100
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-030-00889-5_1
https://doi.org/10.1007/978-3-319-46723-8_49
https://arxiv.org/abs/2509.13508
https://arxiv.org/abs/1510.00149

HO
W

i
48

—
O
—

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

Shazeer, N., Mirhoseini, A., Maziarz, K., Davis, A., Le, Q., Hinton, G. and Dean, J. (2017) Outrageously Large Neural
Networks: The Sparsely-Gated Mixture-of-Experts Layer. arXiv: 1701.06538. https://arxiv.org/abs/1701.06538

Ramachandran, P., Zoph, B. and Le, Q.V. (2017) Swish: A Self-Gated Activation Function. arXiv: 1710.05941.
https://arxiv.org/abs/1710.05941

Misra, D. (2020) Mish: A Self Regularized Non-Monotonic Activation Function. arXiv: 1908.08681.
https://arxiv.org/abs/1908.08681

Gulcehre, C., Moczulski, M., Denil, M., Pascanu, R. and Bengio, Y. (2016) Dynamic Activation Functions. arXiv:
1603.00936. https://arxiv.org/abs/1603.00936

Milletari, F., Navab, N. and Ahmadi, S. (2016) V-Net: Fully Convolutional Neural Networks for Volumetric Medical
Image Segmentation. 2016 Fourth International Conference on 3D Vision (3DV), Stanford, 25-28 October 2016, 565-
571. https://doi.org/10.1109/3dv.2016.79

Mao, A., Mohri, M. and Zhong, Y. (2023) Cross-Entropy Loss Functions: Theoretical Analysis and Applications. Inter-
national Conference on Machine Learning, 23803-23828.

Codella, N., Rotemberg, V., Tschandl, P., Celebi, M. E., Dusza, S., Gutman, D., ef al. (2019) Skin Lesion Analysis

Toward Melanoma Detection 2018: A Challenge Hosted by the International Skin Imaging Collaboration (ISIC). arXiv:
1902.03368. https://arxiv.org/abs/1902.03368

Landman, B., Xu, Z., Igelsias, J., Styner, M., Langerak, T. and Klein, A. (2015) MICCAI Multi-Atlas Labeling Beyond
the Cranial Vault—Workshop and Challenge. https://www.synapse.org/Synapse:syn3193805

Bernard, O., Lalande, A., Zotti, C., Cervenansky, F., Yang, X., Heng, P., et al. (2018) Deep Learning Techniques for
Automatic MRI Cardiac Multi-Structures Segmentation and Diagnosis: Is the Problem Solved? IEEE Transactions on
Medical Imaging, 37, 2514-2525. https://doi.org/10.1109/tmi.2018.2837502

Dice, L.R. (1945) Measures of the Amount of Ecologic Association between Species. Ecology, 26, 297-302.
https://doi.org/10.2307/1932409

Everingham, M., Van Gool, L., Williams, C.K.I., Winn, J. and Zisserman, A. (2009) The Pascal Visual Object Classes
(VOC) Challenge. International Journal of Computer Vision, 88, 303-338. https://doi.org/10.1007/s11263-009-0275-4

Karimi, D. and Salcudean, S.E. (2020) Reducing the Hausdorff Distance in Medical Image Segmentation with Convo-
lutional Neural Networks. IEEE Transactions on Medical Imaging, 39, 499-513.
https://doi.org/10.1109/tmi.2019.2930068

Heimann, T., van Ginneken, B., Styner, M.A., Arzhaeva, Y., Aurich, V., Bauer, C., et al. (2009) Comparison and Eval-
uation of Methods for Liver Segmentation from CT Datasets. IEEE Transactions on Medical Imaging, 28, 1251-1265.
https://doi.org/10.1109/tmi.2009.2013851

DOI: 10.12677/csa.2026.163100 756 HEHUR 5 R


https://doi.org/10.12677/csa.2026.163100
https://arxiv.org/abs/1701.06538
https://arxiv.org/abs/1710.05941
https://arxiv.org/abs/1908.08681
https://arxiv.org/abs/1603.00936
https://doi.org/10.1109/3dv.2016.79
https://arxiv.org/abs/1902.03368
https://www.synapse.org/Synapse:syn3193805
https://doi.org/10.1109/tmi.2018.2837502
https://doi.org/10.2307/1932409
https://doi.org/10.1007/s11263-009-0275-4
https://doi.org/10.1109/tmi.2019.2930068
https://doi.org/10.1109/tmi.2009.2013851

	基于动态Kolmogorov-Arnold网络与自适应非线性建模的医学图像分割
	摘  要
	关键词
	Medical Image Segmentation Based on Dynamic Kolmogorov-Arnold Network and Adaptive Nonlinear Modeling
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	2.1. U-Net及其变体
	2.2. KAN及其在视觉任务中的应用
	2.3. 动态网络与自适应非线性

	3. 本文方法：动态KAN U-Net (DKAN-UNet)
	3.1. 整体架构
	3.2. 动态KAN模块(DKAN Block)
	3.3. 多尺度动态KAN融合策略
	3.4. 损失函数

	4. 实验与结果
	4.1. 数据集与实验设置
	4.2. 对比实验
	4.3. 定性可视化结果
	4.4. 消融实验

	5. 讨论
	6. 结论
	致  谢
	基金项目
	参考文献

