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Complex Organ Segmentation Based on Edge Constraints and Enhanced Swin Unetr

PENG Linna,ZHANG Hongyun and MIAO Duogian

College of Electronic and Information Engineering, Tongji University,Shanghai 201804 , China

Abstract To address the challenges of organ edge blurring and significant differences in organ proportions in abdominal CT
multi-organ segmentation tasks, this paper proposes a complex organ segmentation approach based on edge constraints and en-
hanced Swin Unetr. To extract features of varying degrees of granularity from organs with different voxel proportions, this study
introduces the Masked Attention Block. By computing the mask information of each organ,the corresponding features are extrac-
ted. Subsequently,based on dataset priors and mask information, refined feature extraction is conducted within appropriate win-
dow and block sizes to obtain the fine-grained features necessary for segmenting organs with smaller voxel proportions. Upon
generating preliminary semantic segmentation predictions,to fully leverage boundary information and enhance the model’s ability
to handle such information,the semantic features are further extracted through convolutional layers to capture boundary details.
The model’s semantic segmentation results are constrained by the edge prediction task through edge loss minimization. The pro-
posed method is trained and tested on the BTCV and TCIA pancreas-CT datasets. The enhancement modules are incorporated in-
to the UNet+ +based on convolutional networks and the Swin Unetr based on Transformers for training. Comparative experi-
ments are conducted with classic networks such as Unetr. On the BTCV dataset,the Dice coefficients reach 0. 8479 and 0. 8406,
with corresponding Hausdorff distances of 11. 76 and 8. 35, respectively. Overall, the proposed method outperforms other compa-
rative methods, confirming its effectiveness and feasibility.

Keywords Image segmentation, Attention mechanism,Computed tomography segmentation, Deep learning, Multi-organ segmen-

tation, Multi-task learning,Computer-aided diagnosis
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fili -390 T EC block 1 MAB #3t , EM -+ UNet+ -+ 78 J§ i |
HE S S IR Esh kT Bk PR A B AR A
225 LR B9 Dice ZEI W T UNet++, Hoeh AIZH
B URE G 0.50%0) MR (K E 5 H 2. 66 %) T+
ST 1% 53500k 2. 43% 1 3,66 % s fE/NEL BB A S B IR (I
R 0. 13O ML Y FMRUEER K 0.16%) iy T
T0.3% .43 WM 0.39% Fl 0. 79% ; 44 Dice ZEHARTF T
0.59% . R2HMTHFEMTI 50 L RIEE,
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EM-+UNet~+ + . UNet-+ -+ 1) HD HEE &K T 0. 89, F U B

A IR R ST 3 00 60 3 552 7 ) ) 8 22 S T TR

# 1 BTCV Hili kLR [ 7 i 1 45458 B 43 #) Dice ZH

Table 1  Organ segmentation Dice coefficients of different methods on BTCV dataset
VS Spl RKid LKid Gall Eso Liv Sto Aor IvC Veins Pan Rad Lad AVG
UNet+ —+[16] 94.93 94. 01 94.01 81.62 72.46 96.03 83.62 89.82 85.55 75.96 77.57 66. 86 66. 62 84. 20
EM-+ UNet+ + 95.36 94. 48 94.56 81.23 74.89 96.57 82.90 90.10 86.50 74.84 81.23 67.25 67.41 84.79
Unetrl19] 91.96 93.16 93.37 69. 56 72.49 95.55 80.11 88.09 81.56 68. 64 76.89 62.20 59.05 80. 88
Swin Unetr[20] 93.92 93.67 93.33 78.16 69.48 96. 29 78.67 89.18 84. 64 73.97 77.86 69. 46 59.17 82.67
MetaSwinl21] 94. 24 93.81 92.56 80.49 70.75 96.09 79.15 89.68 83.58 71.90 78.51 67.99 60.73 81.50
E+Swin Unetr 94.27 93. 36 93.71 82.22 76. 85 96. 39 80. 80 90.11 84. 86 72.27 80.56 66. 94 62.99 83.93
EM-+ Swin Unetr 94. 67 93.62 92.41 84.81 75.20 96. 20 77.99 89.16 84.82 73.08 79. 84 69. 62 65.69 84. 06

# 2 BTCV AL LRRE ki 2 2 R e
Table 2 Average 95% Hausdorff distance of different methods on
BTCV dataset

7k HD_AVG

UNet+ +[16] 12.65
EM+ UNet+ + 11.76
Unetr[19] 20. 46
Swin Unetrl20] 13.30
MetaSwinl2!J 15.05
E+Swin Unetr 9.41
EM+ Swin Unetr 8.35

Z% 1 ¥, E+Swin Unetr /& 7F Swin Unetr [ 3& Al 7 0
T 2.2 T RBIR I G AR H, X 3 HIH T S MAB
RN G A R B ) SRR/ . R 3 LB A R ey
ZHK/NH 0. 04 MB, fE Swin Unetr E34 0 T 2 %t N
0. 04 MBI #E P , GBI AE 14 42850 11973 Dice R 5032
w1260, Kb BOEVE R A E B R AY Dice &
BARTHE S 2%, Bk 4. 06%0,7. 37%,2.13%,2. 70% ,
3.82% . TEIXZ A IE By AR LI T AT, X B Ol B i
JEAYEIN BTCV13 Fh88 B h B 48 i KA, B 76 R A9 A 1A
PWIE 25 25 S AR K ELAE 6] — A~ 58 38 1A 9 6 8 A A 258 B =22 17)
B RS T B 2% . 8 4 B ST 45 R R A T
Swin Unetr A5 Bl 1 2k 24 A B9 7 1 X £ 38 43 1 3 Al X
Sl B R 300 LTI M s A AT 55 A AR A B THROR L TR O
ARATRE AR G b 10847 4 I 25 R AE A AR L 38 B8 ) FH 720 2% 20 SR AR B
i R - e Y R S ASORYY 1 % )

EM+ Swin Unetr /& #£ E+ Swin Unetr i) 2 il F 34 i

T 2.1 AR MABBLH, G 3k 3 Fr g, 525 B8 n
B BB /N R 36,05 MB. H T B2 AN 46 15 % 78 Il
Gl B RS 5l WUl S BORANE T R 2
F 70 B P . BN A 2K 0 1 SF- 1 Dice REIR S T 0. 13 %,
o JBUE AL B B T R bk RN LR K LA B IR R AR
A EMBiE T E+Swin Unetr, 0 M E T 0.4%,
0.26%,2.59%,0.81%,2.68%,2.70% , B 7 # R 8% B
JRZEGRR G 0. 84Y) M/NRIBREHE AT LR AT LR
FRETIEE T 2%, MABBI R £ TR Z L/
INEVIRE L AT SC 0 A5 SR T DA kB L X S N A 2R
BEAS T AFMBEEMWRS . xR 2 HH],E+ Swin Unetr
B2 HD BB R 9. 41, EM+ Swin Unetr (- # HD §E
BAEML SR B RRALT 1. 06,

Table 3

R
MAB
EC Block

E2 8 3 O NUN

Params size of blocks

Params size/ MB
36.05
0.04

g 4 pr a1, 78 TCIA pancreas-CT %4 4 I, E-+ Swin
Unetr 7605 6038 IR B FIBEIRE 109 4 B0 B X LG 3 A
ANTE AR B R 4R TE 2 AR TE T 3. 7426, 0. 9400, 0. 320,
0.79% 1 1.84% ,F Dice REHRL T 0.89% . EM+ Swin
Unetr 7EH/NRUAS B IH 3% BRARFI 1+ — 48 1 LA W1 W a2 7,
b T E+ Swin Unetr, EM+ Swin Uneter fEJJHZE A 0.2%
FIEETH ZEMR A 0. 21 % 4R T 2 T 248 A 1. 45%
BTt .

24 TCIA pancreas-CT B4 F AR 7094 25 B 50 # Dice %0
Table 4 Organ segmentation Dice coefficient of different methods on TCIA pancreas-CT dataset
ik Spl LKid Gall Eso Liv Sto Pan Duo AVG
Unetrl19] 95. 74 94. 41 74.23 63.14 95. 54 83. 80 71.78 55.42 79.26
Swin Unetrl20] 96. 68 95.08 73.98 71.52 95. 69 89.07 77.67 67.43 83.39
MetaSwinl21J 96. 44 95.00 75.97 71. 36 96.03 88. 64 77.05 63. 89 83.05
E+Swin Unetr 96. 48 94. 84 77.72 72. 46 96.01 89.86 79.51 67.34 84.28
EM+ Swin Unetr 96.68 94.92 77.92 71.88 96. 06 89.05 79.72 68.79 84.38
B 10 45 T R A B AL 2 A A TE AR AR R T 4 70 b T P AT X R BB K. T LLR B 5 R SE45 R

FNGE R BEHL Y] TR . B — AT RS AT A IR CT A
0035 Fl CT 7 0040 RIBENLY) o S T WS S0 A0SR 7 2
5 R A 243 5 YA HEAT AL B BE R A
FE RS04 R . R T I T b Ll e 4 B A L 10 B9 R TE P

(Ground Truth,GT)#f It , EM+ UNet+ + fl EM~+Swin Unetr
B9 43 HURE A0 T AT I 4 DAL, A HISS R ER . h %Y
HRABL e Af 1 Eﬁ?‘g NG, MAB BEE3 435 5 GT 19
AARLBE T &5 ANAF A B S i I L .
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Unetr(80.88)

Swin Unetr(82.67)

E+Swin Unetr(8393)

UNet ++(84.20) EM+UNet++(84.79) EM+Swin Unetr(84.06)

B Spl B RKid MLKid 0 Gall @ Eso B Liv [0 Sto M Aor @ IVC @ Veins [ Pan M Rad M Lad

B 10 BTCV PR b A TR A A 208 Lo g
Fig. 10 Comparison of the effects of different models on BTCV test data

BHEIFWUNZE 5 %, 78 BTCV ¥4 4 b4 Fl Swin Unetr
Py HE MR, 2 B 5 A8 K, £ 7 24 R/ B 8% B (R 5 26
% 4,5,10,12,13) I+ Dice ZF#i## 5,4 gL 0. 7 B}, Dice fH
BT M. %) B A 4l FHl Focal Loss B 4.2 353 3 14
it AY CE Loss,Dice TE/NE IS E LA —E W&, (H 2%
R A B S T .

# 5 RE B THADE Y Dice LA K RN LB 25 B
1974 Dice

Table 5 Mean dice for all organs and mean Dice for organs of high,

median and small proportions in different g

B average high median small

0 81.99 90. 10 87.73 71.38
0.4 81.78 90. 61 88. 10 70.17
0.5 82.41 90. 32 87.98 72.10
0.55 82.19 90.72 88.03 71.24
0.6 83.08 90. 35 88.48 73.33

0. 65 82.97 90. 42 88.31 72.39
0.7 82.20 90.92 88.18 70.99
focal loss 82.12 88.95 87.28 72.87

GRIEFE EH CT 2485 0 HHE S ERRAET S,
HBFFARGTIRN KL BEEAEH ., M5+ U-Net 195 #
IR ATY S AR L 3t i o /IN B0 55 B 43 DRG JBE AIR 0% () A, 73X T
Jf AR TR B AR B B2 2% R 0 A FR k. R, AR 0B AT MAB
R, R S 305 5 R (5 5, 3 07 b 98 B o 1 RTR U
V388 58 S A 32 L0 IR 00 /N B0 B8 00 40 W AR AR SR IR O . )
P T 2 2 HO P e S AT 0 2 T AN A U 4R
J5 R 1 G A5 B 29 O 4 # B0

A BTCV 1 TCIA Pancreas-CT #5858 B 1Y CT %k
PRAE DRE T BT H IR A AU, KR AR B EARF W
P 2% I f F MAB A5 5 I 1 % 24 SROBE B, 78 5 80 a5 /0 119 1)
B B A5 B4 0 43 RO R A XN R B R A R

B S U, AR SC 5 VR R B T 7R R A IRMB 2 ) AU A S0 00 D

B ER LB S B RO SR BV T

T Transformer 3LH R BERL dy T 4775 K 19 2 HOfn 3t
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