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Abstract

Early diagnosis of liver tumors is critical for improving patient survival rates, and precise liver tu-
mor segmentation plays a key role in treatment planning. However, traditional segmentation meth-
ods rely on manual operations by clinicians, which are time-consuming, labor-intensive, and often
influenced by subjective experience. Recently, technologies like convolutional neural networks
(CNNs) and Transformers have achieved progress in liver tumor segmentation, yet challenges re-
main in feature extraction and model convergence speed. Specifically, existing methods often over-
emphasize global features, such as the overall shape, location, and size of the tumor, while over-
looking local details, including blurred tumor edges and complex internal structures, which are es-
sential for improving segmentation accuracy. Although Transformers excel at capturing long-range
dependencies and global context, they have yet to effectively incorporate the structural character-
istics of liver tumors, impacting segmentation performance and model efficiency. To address these
issues, this paper proposes an enhanced TGU-Net model based on the 3D-UNet architecture. First, a
Texture Enhancement Module is introduced into the skip connections, employing a multi-branch,
multi-scale 3D convolutional kernel selection mechanism. This module better captures local fea-
tures and fine gradient changes around tumor edges, thereby enhancing the model’s sensitivity to
edge details and improving segmentation accuracy. Next, a 3D Cross-Shaped Transformer module
is incorporated in the bottleneck layer of 3D-UNet. By combining the 3D Transformer’s modeling
capability with Cross-Shaped self-attention, the model achieves more precise focus on the semantic
information of tumor regions, enhancing its ability to understand complex tumor morphologies. To
further improve training efficiency, a Local Encoding Module using 3D depthwise separable convo-
lutions is added before this module, separating spatial and channel convolutions to accelerate train-
ing and improve feature extraction efficiency. Experimental validation on the LiTS2017 dataset
demonstrates that TGU-Net improves 10U and Dice scores by 3.89 and 2.57 percentage points, re-
spectively, outperforming multiple state-of-the-art algorithms and underscoring its superiority in
liver tumor segmentation tasks.
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Figure 1. TGU-Net network architecture, where TEM represents the Texture Enhancement Module, and CST stands
for the Cross-Shaped Transformer
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Figure 2. TEM network structure, where blue represents the network modules, and yellow indicates the feature
maps
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TR I8 o SCRAE EDE e AR, SEIURFIE IBAR BE oG8 I KRR, AR AL AT DR HY H EEARFAE -4
BB ARFAE, SRR ANEE T &2, B DU INBUE FREIE BEAT ARG, 15 20 5 486 tH R B
ZRLERREENCAE T 2 ROZ I OCHEE B TEM BEERI B it 32 RN 1 25 3 9 N 48 R M 8O B 7 T
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Figure 3. Cross-Shaped Transformer network structure. (a) shows the components of the Cross-Shaped Transformer, and (b)
illustrates the cross-shaped region in the Cross-Shaped Self-Attention
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BIG IR, B ARy it w2 . AR FOB T A I K Ak AR, Saas K/2 43k,

WEEI T K2 MEH EXPAT, B HATTHAT KW I BERE R, A AN LT
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DOI: 10.12677/csa.2024.1412244 103 HEHUR 5 R


https://doi.org/10.12677/csa.2024.1412244

KU 25

Mg —HBaESETET R BT 728 E DEA token, 587545 IR XA ¥, 7T DLUSE 4 (4
T R X3, ST BRE R
24. REFASELEEE

H1 T~ Transformer 7E4 $i2 4 P 25 40 360G 2R o 368 0 2 T I A0 18 1) o 530 B8 RV o PR A7 o5 P ) R, R AR S
VT T 3TV A 43 B9 35 A2 [20] 89 LEM (Local Encoding Module), 4 CST (Cross-Shaped Transformer)
St B IAg8. X— i B R R NIRRT B SRR R, A RO SR SR RCR, NIfTTE
PRFFAR AL R Rl 7 1 R I 2 25 D T R R R S B . XA SO B IR Y, SR R E AL 3
AR A ) RS AN R B 77, T E— 2D 158 CST 76K BE B i P iR B, i 4 Fiow:

Cross-Shaped Transformer

Convixix1 DWConv3x3x3 | + I LN Cross-Shaped I+ LN MLP _)~+ .
Self-Attention ]

Local Encoding Module

Figure 4. Local Encoding Module and Cross-Shaped Transformer network structure
4. Local Encoding Module #1 Cross-Shaped Transformer B/4& 454 &
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3. W
3.1. HiEsE

LiTS (The Liver Tumor Segmentation Benchmark) ¥4 #2[21] & 3% T FFAFE A SR i | sk 03, Tz
R TR EUG A EI Tt . ZBREdRE 7 DAFESF.00 CT BURA R, & 131 FIlZ-%dE 1
70 GIMNAE S, W AR R RS SRR . X — B A T 1SBI 2017, MICCAI 2017,
MICCAI 2018 2 £/~ Fr3e %€, JF1E A MSD (Medical Segmentation Decathlon) [ Task03, 5 1 #H5%4)>
FVEERE RS, VTN IR A JFE U i eg 7 1) S50 B s v ik

3.2. BuETALE

N T AE MR RENS A SO SR B R R e BB R, IS S I BUE SR, B B R4 T
PR 4

1) ERFE: ARG MG R AR AT 1 2 M R, AR R A& PR AR 2R IR PR . L g
VERFE: 75 XA Y S5 b, X = WA {2 (B-spline) K Pl {5 B R FE 4 0.767578125 22K (A i ;
TAE Z %710, FT HomARm vy B RE E 1.0 ZKAEEE . FREE IR I B R R i AR A
2, DMRIE B O R A 2R, B iR TN

2) W TAEAALER: B TR R AT RE bR A e AR AN L AR A, RIURTEECRAR S, AR
BT AEAK R . BRI AT R R KT 0.1 MibRIdoN 1, RoRET SR eGSR E), T
BAET 0.1 A RMFRIC N 0, FoRiFit. WOPIRIIR 1 EAR (AT AR b= AR I e F5 Bl G A5 B, 1458 T 5
KA A HER I 5 20

3) MBI N T Bk T AR % R S e SR I K G AN — BOn L, BT RS A AT
T . @ EUGRKEE RS E 0 2] 1 VBRI P, RIE T BRI I — B0, b T AN RISR IR
PEHImZ . HEAk, XA — IR R SR PRI, SR TN 2R R A AR e M R

4) Patch #8Y: JR4h 1 3D EIE K/NA(512,512, D), #5 E BN & SECRAF SRR, B A BEHL
Patch #: BT (1SRG, BT (64, 64, 64) K /NI X d% N W%

XL TRAL D IR B T T HAR R, MR — 8 A BRI SR, A A A
(ARG FEANPE R AR AL 1 IR ST (1 LAt

33. SLHRE

ARICSEIG IR E 0 R . W7, {EF 7 4 5k NVIDIA GeForce RTX 3090 &, ik & RAL%
24 GB A7, =3k 96 GB [ A7 SCHF KRR FE 2% ST AL (1 11 25 o AL FEZEKH 1 Intel Xeon Platinum 8280L
CPU, Wil 2.60 GHz, #ML5RAHITHERE /1. WNAFAN 32 GB, BEfE I & I ZRIT Hedhs b # AN 2 i 75 5K
BERSG0N Linux, B RIGFRREMERGESRME. IZHEZSRA T Pytorch, iXJ&—AN R ik H =2 0iR &
SOJHESE . W E T EAF ] Anaconda, AT EAKEIASE . Y ZRIE AR b AR AL 1k B RN H AR AT
Tensorboard FAT FIARALFI G 4%  7ERE S E07 T, ATV 1 25T Iteration 1#975 adt4771548, — 31112k 5000
A iteration, T LUAFRSICIRZS, BAVER T Adam fifbey, =JREE N 1e-3, R Poly %) % if %
W%, 7F 5000 — Iterations H kP % 1e-5, Batch Size % B N 8. PS5 .

3.4. SCERIEHR

1EXT 3D R BB EUT AT VRGNS, SR T — RVNGEE AR bR DL (b 73 81 45 5 SR 28 2 1]
(AL . X e b 3528 Jf th(loU) . Dice R%. Fi#fi=R (Precision). # [8]Z(Recall) LA & Kappa Z %%,
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KAAFER22MH BAb 7S, JLEME T AR ESE . BRI S, loU Al Dice REH T & iTAL
S ENX IR B X Ik BB F2 2, Precision A1 Recall M| 751 s B 1 #5784 () Fu il A A 1 5 5 244, 1 Kappa
AN B TR TN 4 RS B AR 2 A — B . IXFh 2 4 B BV 5 15 R A TR M b Bl 4y B B
FEAE SRR R PR RE R I

loU — Ove.rlap (14)
Union
*
Dice=— 210 | (15)
FP+2*TP + FN
Precision = P (16)
P+TP
Recall = a7
FN +TP
P,-P
Kappa = —2—*% 18
PPa=3"p (18)

TE(14)~(18) ", AHIRIFEbF G ELPHIE(TP) BB ME(FP) MBI (FN) . BT 5, FLRA PSR 12 1 X
95 PR AR X IR B R R B PR SR AL B B R AR IC O IEFEA R ZR, B FE X dkrh
FAAEESE PR AR FCSERRIE X AR ER s TR 9 12 D i A A B S [X 3 A A (R R A 000 X3k e
BB RS E . £AKX8) T, WERHHEN R P 2 — N EERN S, € R 7R 45 R 55
PrbrR2s 2 [l —Z L. 55— 77, HIEEMER A P WARORAERENLIB LT, BT — BB . XA
TEPR VPSR R A VE RSO 1 Bk A, A B TR AL T 4 R A TR R S A R

10

Loss

0 0 1000 2000 3000 4000 5000
Iterations

Figure 5. The curve of loss values changes with iterations
& 5. L {EREE iteration AYZS (LML

3.5. XfLESCEE
TEARTT AT L sza6 A, B B AR - BT Ss, FEANFIARI R IEBAT T RGN EE VRS, X EsE
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77335 3DU-Net [7]. Unetr [14]. nnformer [23]. SwinUnetr [13]. 3DResUnet [24]#1 Medformer [25]. F:
o, Medformer 7 B JIE 87 53 %) ST A A S 1T AR R LA f S RS FE IR, o S AT 4T % BRI AR,
KH T A R MERE R bRt AT VAL . 10U Dice &AL, KR, AR Kappa R, XEEfRirieft 17—
MNEIRESE, T HE R 2 MR PERE 2 . SRIR S5 IR, Pirde i R TG VRS fabr B35 Wos
R EMIL S, JCHAE > B B AN S — 2 7 T R IR R .

Table 1. Quantitative analysis results of different methods
# 1 TREIFENEETER

7% loU Dice Precision Recall Kappa
3DU-Net [7] 74.18 80.85 83.85 83.05 79.04
Unetr [14] 71.05 76.55 81.20 78.30 73.90
nnformer [23] 75.13 81.27 84.72 82.75 78.72
SwinUnetr [13] 76.30 82.21 86.82 83.63 80.18
3DResUnet [24] 76.95 82.52 86.40 83.46 80.60
Medformer [25] 77.59 82.81 88.79 84.08 81.21
TGU-Net 78.29 83.42 89.34 84.31 81.78

2D#J}  3DUnet Unetr  nnformer SwinUnetr 3DResUnet Medformer TGU-Net — Fpds

Figure 6. Visualization of segmentation results for different methods
6. FRIGZEMDEILER

MRAEL 1 BEE R, AR SCHR I I EIEAEAS I H(loU) 7 HIEUAS T 78.29 M4y, 3 m T HAd L
PR, XS5 BRI EIRAE 7 B X ARG LBy SR R 7. I MEREA UL 1 A AL
B ME R TSI IS ek, 3 S Hh HL 3 5 A0 RO HE R A B2 RE T . £E Dice RELVFALH, ASCH
RIS 83.42, FRUAISE T HTAT X EUAE R . AR DR TRAl o0 EIHE R PE 10 LR A, X SRR AU
IRAEULHES 73 31 X RE 0 B RAL T HARTTE, B8 ONI0s B W MOR T AR AR /IN 224k« Precision 11
Recall P bRt — AR 1 A SCEEAEF A S BR 4 S ARBA P 5 Ti AR % . BT 5, ASCEVERY Preci-
sion 1A% T 89.34, RHUIHAE N FIILRE BERS A RR AR A, R mx H AR K HEF RSB [, Recall
6049 84.31, Tom Mz S AE R TN Uk 8 5 T (0 v R, 3 PRI TR AR ARG . 7E Kappa R ECTAl
Y, ARSCHE DL 81.78 HIFS 0 4R SE45E . Kappa SR8 #7084 R I —Ehk, 1= Kappa R W% 5
IEAETN 2 R B AN R TSI, BERSORFFEC R I 20 R — BN AT St . 2R BT, AR I SEIkAE
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B E R SR, B IR AR T4 40 (1) 3DU-Net. Unetr. nnformer. SwinUnetr. 3DResUnet L /%
Medformer 257775, JEBL T HAEE R0 5 EUG AL b i B AR 3. ax s seah a8 Lk — B IGAE T ATt
S SRS TE SR S A A R, AR B IR AR o B R AR ST T B S,

wE 6 Fion, AIARAGZE SRIE TR B, A SCHE H (0 B AE B IR 43 BT 55 SR I T A S Rl
o JBIERTLE AT DUR I, AT VEAR U 73 B 45 B FUSERR A (GT) HAA B m (M ARALRE o 72 Mg i 2k i) Ak
b, FrERSESEIL T SR RS AN, T LR FRE PN S X 3 S R 1 T A R R I

FEZ T, HA SR TE A3 R L 2 BN S s (15 L, ELYE S B R P R A T A
FE—ERIRE. MATE, ARSCEIEAMUE S B2 55 i, 1M EL 5 68 w6 DR RR g DX S TR
KN, WITRERE TS GT MESAE . XL 5w R 1 AT BETE Mg 2% v i) 58 2 Ak 7 F1
FesE M.

3.6. jHRASCIS

TEARWEF A, AR ERE R T, RATEIN T =AMtk itk SUHE(E B8R (TEM) FRREFAE
HASRARH (CST) LA L IR 0] 43 B8 SR SRR HL(LEM) o Ay 4 THI 36 UF A A BB S ASE AR 1 6 1) LA s ik, FRATTIEAT
T RGNS, it AT TEM. CST il LEM iZ—4£ 5% 3DU-Net R rf, W& H P fg
TR . THRA BT IR S PERARERE T AR, B Re R s B AT e AR ELVE F DA 2 1 45
Wi 2 Fizw

Table 2. Ablation experimental results

2. HAKEER

HiE loU Dice Precision Recall Kappa
3DU-Net 74.18 80.85 83.85 83.05 79.04
3DU-Net + LEM 75.86 81.46 84.87 83.86 79.52
3DU-Net + TEM 76.97 82.50 88.86 84.47 80.59
3DU-Net + CST 76.20 81.63 86.04 84.24 79.75
TGU-Net 78.29 83.42 89.34 84.31 81.78

SIANGCEIG R PYTEM) f5, BAVERER I H W35 iR, BRI S, ZIFEE(loU) M\ 75.86 $2 T+ %
76.97, 1 Dice R 81.46 1 in% 82.50, Precision MLl 7 M 84.87 % 88.86 1w & ik TH. XLeaR1h
R, TEM BLHLESRE TR BT 415 SOEAE B USRI 7 T B 7 oG8 AE T, AT TE 23 B B A — S0k |
SEPL T R E . [FIN, R SO R CTS B SI NRIFEX A 1 B = A 1 IR TR 520, A8 S T 52 AH
T TEM BEERY S, 3B Mix-CS Bk, loU /Mg ETHE 76.20, Precision thM\ 84.87 42
86.04. X 45k T CST bR/ 1 S AR A 36 42 Jay il AR BB RE Sy Ve, U AR T+ 2R
JiTAEILH BRI . LEM X TR ESR T &b i. {2 3 ANSuE#n £l 3DU-Net 15, 1oU $EAr1A F
T 78.29. ULH] 3 ANEGH AT DURH EL RS

4. &g

FEASCH, AR T —Fh Gk TGU-Net WL 45K, DU B IR M8 430 mp T I 14 Ja3 015 JE SRR
4 il SOERIEA R B, TGU-Net [AZ O ALHITET I 7 SR AL (TEM) . 15 SCBCEN Y 5 A
HL(CST) LA A IR EE 7] 73 B 35 A3 Local Encoding Module (LEM). TEM #ibuilid 3D 24 S0k #4219 1%
TF, SRk TR I S N SO AR PO FEBE 77, B0 CRXT eb 8 120 AR AR Py 50 o 12k 85 A0 B R VR R B
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CST HEBR A 422 X o 1 EERE NIRRT 1 A ALK B oG A A0 4 = v SUA5 B I e g

5 00 2 RE 9% SRS v SR AR IR X I 2 TR S AR Y o it — DR AR, LEM BEBGE 1 4% ) A1
BB 3D BRURIERAR VIF R R, Itk PR USSR . SRISSTR IR, TGU-Net £EK5EEAN
MR R ZEN T LS 3D-UNet 4544, £ MM 70 S5 hRBLI O, Jon 1 HAE LR 22 BB 7 14k
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