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Liver tumor image segmentation method based on cascaded DDR-UNet++
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Abstract: Objective To explore and address the issue of insufficient segmentation accuracy in liver tumor segmentation
using the traditional U-Net algorithm, which is caused by the lack of contextual information for both the liver and tumor, as
well as the large morphological variability of tumors. Methods A cascaded liver tumor segmentation algorithm, DDR-
UNet++, which integrated dilated convolutions and residual modules was proposed. Firstly, CT images from the LiTS-2017
dataset were preprocessed through window width/level adjustment, histogram equalization and Gaussian filtering to reduce
noise and smooth edges. Then, a cascaded liver segmentation model was employed to enhance the liver region proportion,

mitigate interference from surrounding tissues and address data imbalance issue. For liver tumor segmentation, deformable

dilated convolutions and residual networks were introduced to expand the receptive field and improve feature extraction

capability. Results DDR-UNet++ outperformed the traditional U-Net on the LiTS-2017 dataset, achieving improvements of

4.7%, 1.7%, and 8.5% in Dice similarity coefficient, relative volume difference, and Jaccard index, respectively. These

enhancements contribute to overcoming the inefficiency and low accuracy issues in conventional tumor segmentation,
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thereby improving early tumor detection rates, enhancing patient survival outcomes, and alleviating the diagnostic burden on
Keywords: DDR-UNet++; U-Net; residual module; dilated convolution; liver tumor segmentation

clinicians. Conclusion The proposed method improves the feature extraction capability to some extent by enhancing the
provides a reliable technical reference for clinical auxiliary diagnosis.
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model structure and segmentation strategy, effectively increases the accuracy and robustness of liver tumor segmentation, and
i

e

]
[EE&TE LA A RFHE IS (ZR2020MF156) 5 [ 5 k% 4 41

i

DI (202410439008) 5 ILA S — BERF R AR E T
HeF T I H (XM2024045)
FIRLH EE2E N T

ok
e,

VEZIR W57 10 - B2 R Ay &) R 27 S (e R

FBoh
E-mail: 2684489216@qq.com
EREIER | E B, WL, B0%, AF 5007 ] BE2p i I B 2 R R b

I J2e AP I T RS2 AR A
DA 55 SO0 AT AL BT NP R 2 4
R P4 TR NS B i 2, S A
H 2 5 SESRAR T TR AR Al 0 A 12157
o Eomall xwincl@126 coms AR W VLB g e e A BT B /20 T AL DXL 12
7 1)« BE A RS AL P, E-mail: 22879867@qq.com



- 902 - o [ R A4 3

.

A2

ST 5o SR AR5 1) U, IR T
PAEE AL, R E SRR 2. 1Ak,
it 5 I AR Sl i 3G 0, T 2 43 1 1 2808 [R) R A
R 2 T RIS IR B RS . e, andel
FIFAALAR A 2 5 20 0L i 250 43 0 B 0 A g o 71
TGRS W, & W B 27 R o B Sl 9 22 5
Jal .

WAk B N TR e AR B AN &, 115
C/ s D P Il R e A A 8 B R /N T
T2 N AR DL K JEHB CT BR300 SO 55 () 0
5 Ay EIRLRYAE H br g A A5 B J7 AT AR I 3R A5
FER A FEI 0B RPREL . DL AR 2245 (CNN)Y R
AR B TR BE 2% > S AR MG SUor B rh U T 2%
M REdE T, 75 K AR K 2% (University of Tiib ingen)
B9 31 5 ML R 2% &K Olaf Ronneberger T~ 2015 4F 2 4
U-Net" /5 B B84 I 15 O T i #% 19 53 %) . U-Net
KT XFR Gt de - 28 4540 o dmfi il T
FHPE BHBARHIE | 38 20l N a5 8] 43 28 5 i i 8 35 43 D)
PUAT L RAEERAE 38 200G R AIE 81 (1) 25 8] 43 5040 )i
B af PG A RE  3XARIE T S A R AE RS
1) — 0k B A B TAEfAS a8 rh ol Ak AR Z 487y
TR PR T LR SCAEBERE T, BN Y T R A
B o B ST F AR, TR S P2
5T N BLXT U-Net 47N [A) 2 B2 A itk , #0171
B 43 B 2R . Milletari 55978 U-Net i34l 5]
AR ITHE ) ResUNet 7Y | 33 i A543 A HFAE AT
PAGR 45 FRUZE 100 B4 55 R RR AR 2R A X ik B
T B RE L I 45 2 > B0 1 A B ST, DT B8 8 AT RN 2% i
TR )2 48 11 5 (4 B3 O R Ak Tl 8, {HANAE U-
Net LAl 5| AFR2EBIH 12007 VA A e i 35 4 = 6
i 52 ik SR INROST B AR XY 23 B RE T, AR
FECRE BEA A REifl . Yu S5 F U-Net $2 1 —
Fh il A 2 ) 2 B 43 EIBL R AtrousNet, 1455 74 38 2
B — i I T ok 12 A0 1 v 25 T 45 R B sz BT
T HEAN 2 2 S B8 R RT3 N [T AU A5 31 51 R
Bl BT U R AR TR IR OC R . H
Bk SRR, A5 FEUR (8 55 5 A B M i, W g
OB B AL A AR A5 TR M, ELASE A X T 48 /N ki 43 )
ARG HE . Tha S48 H—Fh7E U-Net Fefili - [m] i)
A2 A FURN 5% 25 I 28 (1) ResUNet++A A 25 1l 45
FEE A5 10 28 7E OR-AFRRAE 1] 43 3 252 04[] B 47 3 8 Ky
BRI SCAw B X 4 B0 R AR 25 4 A B A
()30, [F) B A 2802 fife 1 0 BB 91 2K [) ROl 45 1) 4%
HE 8 BT e 250 b il 5 (FR 00OFT g GRRAIE o Xia S5V EE T
DeepLabV3 Fi| A& B # F A ] 351 £ >R LAk 43 1) 245
SRR Hh— Bk 18 SCorF 2 N 2540 R RO B 4

JABZE A IR A AR 2% pR AL

ZR L PTIR, RAEAY BAR R IR A KR S R
PRAL TR AT 3 AR SR, 3k SE R A A
T AT T I AR A R X B A e R BT
A R UL R AR G pRA R — S () R, SCRE A2 B E IR AT
7L K, Bt — b G T U 0 U ik 96 B A
7 (DDR-UNet++) , fR1H: T U-Net AL T ki, 78
Gt 25 v 5 | AR 22T K i i 2 v 305 3 45 PR
e Ry AT Y TN 23 A R HE A AR i IR sz BT T T
577 456 B85 Y 2 )t W] BsF 5 ] N GAN AR BN 7T I 451143
FN2E N W R T LSRR ARSI N 3 AN T TH
X IRAT AL AEAE (AN T4 T 2 < (1) B 1Y) i
AV IR 2 84T . B U-Net BB FRIE 32 7 B %
25 AR AR AR 328, D0 Ak X 28 I 25 ) 2 v A A
FETR BN, R B 2 R (2) X8 AR iy el it o
1 U-Net i 25 B B 1435 38 4 B O BAG AN [ J8sZ
By 22 RBEG R, 38 RS2 BRI A4 = 2800, DI
BE 54 ZR 25 Fh /NI B 1 Mg R E |, 42 v 43 R 3%
(345G GAN A BNt 9 46 AR $R ) —FiE A 4t
I PR, AR B 00 4 2R ek RS AR /), S W A e 2B B
A1) 3 FIRE 5 [] Bk 0 1) 25 1) 0 2 R BSOS A, il
T BEASWT D43 AR URRE BT 5 S bR E 22 55, 7F
He BB 2 PR AP S| Tversky i 2T 038 XA
(BCE) it 51", T8 WL A& 451 2Kk R AL G_(loss_1), 51 A
G_(loss_2) k58 24 o pR BT 38 1o 8 A E 5 2% (o)
SEIPR Y & A A

1 ARETTIE

1.1 HiEEAH

AR SCAE A 2017 4F LiTS-2017" 404 4 % iy #2455
RUBEAT ISR 5 VAl . 28R B R R AL 131 M2k
EZ AT 70 A R, BN R R 25 5 1
[ A= T JFF I R e 3 DX B AT A 0 L VS 43 B A A
HE o T R TE o 2 95 2 SR 285 Bk 2 45 1)
L, ZRHRTE VRIS L BRI 130 A RN 2RISR . R
PRUEVN R RRE R S5 PEAG 1 A TE P A SCHE X 130 4]
I FE 7:1:2 1Y Fo 00 43 A U 246 91 461)  ar ik 48 13 451
AR 26 1), IZBHE TR A 2k RALA A
WA, R IH] 22 5 3K, A R T RE AL Iz AL BE )
27t
1.2 EfgHLLE

F T 5 GG A AN WA B, O i Jg o3 A1 A
B, B H S S HOEEE R HETH RS
PERE , SCE XU 2 AR HE AT T RHE o, R
RandomHorizontalFlip (p=0.5) il Random VerticalFlip
(p=0.5)#1E , 73 5 Lk 50% A9 %) G 47 7K SF-Fn



557 1

JEZHE, %5 . FETZU0 DDR-UNet-++HRI PR IhRE UG 2080 )k - 903 -

T H 5 I A B, DAYG B i 2 HEE R
RandomRotation(degrees=(-15, 15))7E[-15°, 15°]G Hl
PN B AL e 7 RIS, DA 5SS 18 X6 S [ £ B 1 M Isd
WS KO F 2 B B0 iR T B R AR
e, S RENLEIE IS RL, DAFR TSR 22 40 WA R 0
MZALRE T o Perez SFMY Y R B, 76 B 70 25 4F
G5, R AR R BT e i | R AR N AR S R e
SR, ] 7E ImageNet 48 URF AR HY 14 43 2 A %
FEFHL 7% , AR B 132 BR A AE O0 T |, Y5 Xt
BRI PERESRTHIU I .

HeAh, R AL 23 T e 0, AT

2t

T
Vi T (L B S BT T S A B AL B, K BR O

a:JE52D CTHI A

b: BNARBEERNCTYR

IFH 8 P X FEEE . 7E[-100, 400](Hounsfield 81477 )
T N6 B S 10—k 2 -1, 1], I LI 24
YA LS R BE A, g m U dedee e . itk
— S RA G B i, 5 = T R A (LR E I AS)
PEAT VT A B, R B OGS AIE 1 (W] Bsf ik /D W 7 A
MG AL B AR R (8 25 32 21 e s 0 ok Bl e
(AT 5 5 e 397 R 5030 Ao %o 30 e 78 11 s Bf
T AR R T 5 (A R S RS - b

B AL L2 3. T LAE Y, e B 07 7
i I 0 SR T RS CT &1 88 B 1] B %o b o
JBH S AE UL S Ah b U e DR & ok
A B TR TS SRS E e T

oEERER CTI A

E1 LR xf b L

Figure 1 Comparison of preprocessing results
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Figure 2 DDR-UNet++ architecture for liver tumor segmentation
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Figure 5 Liver segmentation results
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Figure 10 Segmentation results obtained by different methods
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