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Abstract

With the continuous development of deep learning, computer-aided diagnosis technology based
on artificial intelligence has also made many advancements in the medical field, especially in the
area of medical image. This paper addresses the issues of high network complexity and poor inter-
pretability of deep learning networks in current medical image segmentation, and proposes a U-
shaped medical image segmentation network based on KAN network, KAU-Net. By introducing
KAN channel attention mechanism and KAN spatial attention mechanism, the decoder part and
skip connection part of the U—are respectively improved, enabling the segmentation network to
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reduce the computational complexity of the model and enhance the interpretability of deep learn-
ing networks. Experiments show that the KAU-Net network can effectively reduce computational
complexity while improving the segmentation accuracy of target images, solving the problem of sig-
nificantly increased computational load due to the addition of attention mechanisms in the segmen-
tation network.
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AR, BERESIRFSERE, BT AN TERITENRHBIZHHEAREEZOEBA T2 RE
B, AR SR T F U R[], HA s TR S 0 R 22 R HEAT 2 B 2R R ER Y
2015 % Long 25 A\ [2]3H T BRI E N Z(FCN), EEH EFIUR T 2 iM% R i aEs )2, I
o — JZRHE BT FRFEERAR AR E B R A6 KD, A TR NME RS R TIN R B . [R4E,
Ronneberger 25 A [3]32H T U-Net 4% . U-Net P25 b3l i JRs (19 U B06HRR S5 R Rk R F2 58 4 L ik, B
g HERA AR PR 2 P FH BRI RFIEAS S o U-Net B84 T H RGN A B TE R 152 B )
=2 MG oy B R R, VF 200 038 U AE U-Net I E& LR I B6 Al HA2 tH T — R SGHAAL, U1 Tbtehaz 55
N[41F MultiRes Bt NG, #2H T MultiResUNet, Zhou 25 N[5 YO BRIRIE B30 /03047 20t 42
H 7 UNet++, Qin 55 A\[6]4F U BIGEMIREALHAT W2 BRI 2 A58, $2HY T U2-Net %5

AR 2%, L SOV R AT AR RFAE, 0 A SR AR ) O FEANE, A SR RRIE R RE V1A 2 - 2017
4, Google HIZHEHPEHIRA K 3R (Attention is all you need) [7], %3 H 584 BHIEE IHLHIRE S SR
TR, LM XWEFRZ A Transformer, ST 1= JIHLHI AR FE 408 . 2018 4, Oktay 55 A[8]E XFF
TERE AIHLH] S U-Net BAUFISE 4, $2H Attenition U-Net B%4, 2021 £, Chen % A[9]5] A\ ViT #Hy(Vision
Transformer), #&H T TransUNet 4%, 2023 4F, Coa %5 A[10]#% Swin Transformer {8 U TPIZE £, $2
HT Swin-Unet %%, Wang 55 A\[11]7EBkERZEF 4L NN Swin Transformer, & 7 CA-UNet P45,
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BN KAN ZREE HLE], 00l 17 U B 2 o R RS #8350 40 5 kR 45, 8 2 I 2%
RENSAE BRI BT S A e, B vV FE 2 ) I 2% ] R 11 () I 42 v3oxd H s U ) o0 IR B2, ik T
THER NI, F5Fi0 4 28 v 1 5508 R ORI o ) 1]
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Figure 1. U-shaped medical image segmentation network based on KAN
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Figure 2. The specifies structure of the ConvNeXt Block
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fe4t U B4 B W 24 — R F 4G AN 4%, 0 U-Net 4%, UNet++M%%, U2-Net W25, (HAiG
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CA-UNet M85, (HEI NFER NG, B PS5 E SIHREERRIM, M. BAREMTRr
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KAN (Kolmogorov-Arnold Networks) [12]5& 5] N T — % T Kolmogorov-Arnold 3 x 52 B A HT Rt 42
MLk, 5465002 )2 B A4 (Multilayer Perceptron, MLP) AN, ‘& A TiE I 4 H 0T 2% 21 /Y pR B0 AR [E] 2
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PRECBON T B, KAN W28t S AR AL (3] 8 L 55 T AfRe . R, KAN BEHEHF 2442 85 /N 7R, FAE
T RRHN KAN BATREHAL, XA EZIH 2T AT B0 . ISR IR R 90 1 KAN B AT AR p
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MLP(x)=(W, o0 oW, joco--ocW,00c0W,00), 3)
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EAE D TP S B TT DRAF R T . KAN IZ8 R AT b A 2% il A 5K
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KAN 2 [0)9% 2 b AR g5 My tn 4 3 fizs . 5 VIT BB (Vision Transformer)J$ML, 50K i N R AE
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RLOE PR Softmax, 15 FIHIARHIE O B2 fi HHRHIE, ﬁﬁ#%}lx% o M THINFHEY , SeZid 1x1 1
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Figure 3. KAN spatial attention structure
B 3. KAN = [EEE DL HIEH

2.3. KAN BiEFEHH

421 U-Net W25 75 53 1 FGUFE b B U R R i kA, I BT BT 1R R AIE R 55 B I B A7
o X A A E T R, RTINS S B R B, soE Ay El. Rk, CA-UNet W48 7E f#RY
TGN T E ) MLP SEPLREE R L], TR D A AR B S B ), (HIRIR S 8T
Rh S8 E S5 ER RSN, R, ASCIRE T KAN @EEE VL, BE TREMESRL, HT
IR AR B, R MO R S HE ST R E

KAN @i & B gs & 4 pron, FLLLUEIEF & /I8 (Channle Attention Module, CAM) [13]5
FAith, 5 CAM ARIZ, B MLP #0#8 7 KAN W4, SRS, RN T g
et HEAREIENE PTG 2], BN FRES S i KA E R A R IS, 20 B3RS i
ARG E R, 25 E KAN M2 AR s 200 Sk LM B E , SR 5 R b3 5 72 AR 1
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Figure 4. KAN channel attention structure
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A8 XA RE M F S B E A 2 S B 22 5. oAb, N R EFEAS, RMBEREE, =25
INFEARII TR R], BB E =03, p R DA, —RORU, e MR,
A E RN E PRI . RIS SR 5% R B E I 28 I SRS R s KL, 7T DUA RIGEE S bf 2 /)
I 28 TR Ak S SR T R, A e 2 ) 2% A AL AE DI R A rh oA R Sl S Sl

3. SWERS S
3.1. BIETAE

N T PG A St B4 A B 22 R 0 B 2%, e HT GLaS B[ 14K Fern St iR 45 8 . GLaS Hudls
R — HH T A H IR AR 73 EUE S MBS, AT 2015 4 MICCAT $hi3E 54 . 28RBS
165 SRR, DURPASE SR, REK UGN BA % B AR%E . IXLEEECRIET 16 /> H&E Jetfiii s
PIR, XY RER T T3 50 T4 BB 45 B v .

RS RE T, TS, KRR b RS B PR RN EEAT 48—, GLaS Bfa e fit 1 DA
BE T HEREREAR, AR KMESON 512 x 512, BEEBEEEE D, HAES, N T PR,
XTUNGRFEA BT B IARZE BEAT 1 Bt g oA, flan: BENUIERE . ACFEIEE . PR 4a oM BENLE BT 55
FFXF AN B AR [FL X RO RREREA, 4% 4:1 EEBIREAT I ZREE MRS R 7

3.2. SCIGIRIE

SEI6Ad 115458 CPU #1505 17-11700K, GPU #4524 NVIDIA GeForce RTX 3090 fJ2Ei0 A, H
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535N 44158 I B (Mean Intersection over Union, IoU). Dice #H1LL & #(Dice Similariy Coefficient, DSC) 1%
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Figure 5. GLaS dataset segmentation results and comparison results
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N T ARSI H T AR R, SAE BB S AT LA BIVERE, AR E R P
A7 5 U-Net. U-Net++. U2-Net. TransUNet. Swin-UNet 1 CA-UNet iX 7N FA R 3547 52536 1 RE X L
7 GLaS a4 8125 Rl 5 s, XF T 6 Moot AR AL, U-Net++7E B BRI HEHS 73K FH 2% 4
HERE, U2-Net KHIRE U BYZEHY, 3K 0 28 S5 K0 RRAE R AU RE 7390 T U-Net, 1HH T RAZEER
(RPN 2% G5 AL, R BEAR G FEANS , BT EE B, Rk 2 3145 AR B R TransU-Net 5l AN T
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Xt F R AT AL o AEIERE AR, X FRRR L UR LW 7 BI85 B, IR HiE = 1 A )
SRR G AR I A R 4 S5, FEAE SN, TR ) A 1 I BRI AN R DURHE ISR . CA-
UNet #74 5] X7 Swin-Transformer #55 FIE 8 & 77 P Al 2 e, (1S R RIURFIE RE T30 58, 4%
FNGE FALCHT LA g R R A, AR T S BB IUAE R o 7 B AE I . AHEE DL L1 6 PRt LSt
IR SCHE ) KAU-Net 28R 5] N KAN 2[R = LS KAN J@IEEE L, 2 RO EIR
REAELE 23 (B @S 4R S F AR 203G, BB MW S BN S S S, B B BRRHE, HakE
BRSNS, I BT EZEGEIRENARE/DN, WESGREFRERRS . HHE%RE
A LB B AT H 00 W 28 AN OO 4 JR A T i, A /3 B AR B SLREAR, 75 RSy bl B o)
(1 Tl AR B R s, 2 RSCR B

T NPT AT R 2 AR 25 0f L i B AT E AR AR, B ARTERR DREREE B, AT R
16 P22 £t (mIoU). Dice ML REU(DSC)MIH [HZ (Recall)ix = KiPA fabr LR IMARIL T H AR ML, AH
Eb 6 R4 EIVERER B3, mIoU A1 DSC #HEL U-Net++2 52T+ 7 0.7%F1 1.2%, Recall #EL CA-
UNet 27} T 2.6%. U-Net %%, U2-Net /2% Fl UNet++M 2% 55 R ai B 1 454, A SR B T3l A
TR AR R SR L s, (HEDIZ T H R FLOPs) IR KAN M0 MLP 4544,
KAN 28 0K X 5B BT B /NI T, 7R R0 KAN JEAT R EAL, K558 /0 AN B 2 g 4 ek AT 18
By, AT S EE S ISR B T MLP AR R ok, DLECRH T M F GRS HE T >
TP Bk £ A TV o T 2 o = == v o 2 1 2 S T P T et el G- IS RN 2 (g s Rt B =B/
HAETE T 3 IR

Table 1. GLaS dataset statistical result

%% 1. GLaS HIRESITERF

A mloU (%) DSC (%) Recall (%) Params FLOPs
U-Net 68.02 79.67 79.50 31.04M 193.30G/s
UNet++ 70.35 80.92 77.12 47.19M 543.59G/s
U2-Net 65.96 79.06 76.42 44.00M 151.00G/s
TransUNet 65.25 77.74 79.21 105.91M 168.73G/s
Swin-Unet 66.84 79.53 78.38 149.25M 162.07G/s
CA-UNet 68.92 80.13 80.51 146.45M 260.54G/s
ours 70.84 81.88 82.62 93.19M 50.17G/s

4. G5ig

AR T AT KAN W25 1) U B 22 EUR 31 45, KAU-Net (4%, HREA M0/ b8 5 2%
JE, PRERR AR, FIRRT 0 BINGE IR . 1% B G AA i B, RAD 2% 5 BRIKE R = N
SR, HRTDERE Y KA ConvNeXt-T W28 K FEH EUGRIIE s TEBRERIEH T /0 it T KAN ZF[yER il
ISRk AR AT R B 5 FR AL 38350 20 R VR B2 T 4 B A AU AR R G AR, R TE T KAN Sy = L
S B B A . RS AEE S EUGBEE S GLaS _EHETSZIRIRAE, Seubst RN, AHELIE T B/ H
Xof EAR A, AR H ) KAU-Net 44 7E mIoU, DSC Fl Recall LAl T HAthxf LAY, 7F FLOPs Li/hT
oAttt AR A

K FIA R ZAAE T G SR B D, TlArd 8 ok s &, B Ao E 2 R A R
B2, WEREHIE. AR 4GB 7 s a2 530, R AR5 3 — D3 7+
251> FI Tk RE .
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