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Medical Image Segmentation Method Based on DH-Swin Unet

WANG Yi-Ni, SHI Hong-Wei
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: Bone and joint diseases have been one of the most prevalent diseases in human history. With fhe acceleration of
aging, these diseases have become increasingly widespread, posing great challen‘ges to orthopedic surgeons. Research on
image segmentation for human joints can assist doctors in clinical diagnosis and !treatment. However, due to the presence
of noise, blurring, and low contrast, medical image feature extraction is more difficult than ordinary images. In addition,
most segmentation models only use simple skip connections between the encoder and decoder, without addressing the
issues of information gaps and losses during the skip connection process. To this end, this study proposes the DH-Swin
Unet algorithm for medical image segmentatidn. On the basis of the Swin-Unet model, the densely connected Swin
Transformer block and hybrid attenti(;n mechanism are introduced into skip connection to enhance the feature information
transmission. The real €linical data provided by a hospital ranking top three are used to evaluate the performance of the
proposed method. The results show that the DSC and HD of the model reach 86.79% and 32.05 mm respectively, and the
model has certain practical value in the clinical diagnosis of joint diseases.
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. TR B BIRIZ . TR AL AR E VR TT
T RMEET R, BB IR K2 W ANG T 4
A EEAER, 6ei8 2 5 m 2 W SR AR 1. 51
(0 = 2 BB A B DT AR AR MO T 1A R D L AR UL A
FR Gt TRIRBE A 4, R XTI RIS T — 2K
B, ABAFAE SR ICEE I 2 1 PR Ao e 1 4%
DR R BRI T R B AR i — P R R R, 1
I 2 AL 4 B0 70, VR BE 2 ST I PRod R Je 8 45 B
53 BNRE R — PR R0 TR, & Re % H R IE B4y
F 5 U 1) T S ), A Bh AR AR B
BT IR IZ W AR TT .

BRIHZ M 2% (convolutional neural network, CNN)
FVRFEE I OUR I EEBUR, A B AMNKETE
FORIR BRI BRI 5", 1B Wi 46 N 72 T 1%
AbFE AT . CNN EEW%@%WTE%%?EW%,
FHTRHAE 2 21 ) ONN P BRI 75 . B0H0 . T L 2%
AURK, B 7 25 4 PR A 3 eh R T AR A 11 4 1 4
ROERTDOH T MR B, 28T 0 E ST
5, 5 Bh e A W A g AT 2 BT RNG YT . Long 2 AP
2015 R T 5L (fully convolutional network,
FCN) £5%4. FCN 1] LU G 3T IR R 7325, T
fif R 1 SCZR) ) B o3 ) R

2015 4F, Ronneberger 25 N T U-Net 4% 4%
19, U-Net /& —F & T FCN 15 S or R &5, & T =
ZEMG A E AR U-Net W28 HBEICHE RS 61, AN 6E
AR B b 2 57 SR R B AR, A e e IR AR

ER3CK A, Transformer 454146 T ISR S5,

% U-Net 1 Transformer 45 (1 AH IS FEZ W% L.
H T CNN PR A48 P A0 4 42 R K i gE TTH0AS A2,
) T U-Net BUREG 1S, it ransformer 4 KA 427
2z A KRR &R T, B 5 41524506 Trans-
former Z5 4N B LL CNN A FAKH) U-Net 1, #2811
TransUNet 4" TransUNet /& %5 1 M Transformer
SERIRLH T B B A BIMEIT, B KK & 7 U-Net
43 EI1% BE. {H /& TransUNet 1548 K CNN Al Trans-
former VR & 4afid I 4514, RRS 22 25T CNN 1) B2k
B, XFPIR & 9 i 1) 25 46 1A 56 43 4% H Transformer
(L34, tRT, MSRA 24 T Swin Transformer £ A
B A% Transformer backbone, & & H T =K1
43, T Swin Transformer ] Swin-Unet N3z i 4

Swin-Unet K 4l Transformer 4544 ] U-shaped M 4%,
KSR B, Swin-Unet 75 2 /™88 B A0 IEEHE 4
BA RIF 7 FR BEAN Bz A Re

VER JIMLH] (attention mechanism) f ¥ 7E ML 25 &Y
PR TS T, BB S Bl 2 A T R b, i
BV BRE T AEE T . R ISR LAAR
Z A5 Bk B O Y TR S5 B AR e 145 8., R
AR B RE R B AT, R IV Z R T
FEFMR AL B R, 7ESCRRI10]9, Hu@ A 42 1 7 SENet,
ﬂﬁﬂ‘]Eﬁﬁéﬁﬁiﬁ%ﬁ%i&ﬁ%ﬁ%ﬁl, T $2 e
T A 5 Rk 7. Fu S AR R
W44, MA@ B v AL I S A R S SR
VB8 A A 32 R B8 P I 1 e PR .
K& SEIG A FUER B, 33 2 JI L R 0% 12 1 IR 45 F 45
RS AR M OGS 2., B 1 b R A v 4 A
AR, S TR (R AT R

HATE G Iz MH TR 2 H RSN R
I I R 5, T AR A 42 I 25 11 JR148 4 1) J ¥2%
AT DLE Tk A = 9 DX P AR SR S I A A 1 41 >l
Zo M N2 — i BR PR 4 4 AU 46 W 22 4
A E sh Ay BRIV, T8 T MR G ET 4
. Liao % N2 H 7 —Fh CNN+Bi-RNN J5 20K 5
HEH BN E, % T AL B AR AL B, 4w 1
Sy BNGE RMET . Zeng 25 NI T — AR BE
1 3D U-Net, 1§ I3l # 10 B4R 20 1. Nie 58 AT
Fil 3D FCNURHAURI THIHE 47 4 ). P28 AUy g
PointRend Unet # &M %%, %715 T X BT CT
BEUR AT Z4EF @ 500 1), A 80w 7 5L R T
Aoy B, $E v TN LA OCT B R s LRI T
PERE.

R ORI S Ty VR AR A DT Y A 4 A A AL 2
V) P e i, 38 A S R SR A A Bk R
. Rk, RS mT TAEMZEAE -, A1 T Swin-Unet
B, FR T — Rl i B8 531 59%——DH-Swin Unet,
BATFEBRERIE B b 5] N A2 821 Swin Transformer
B, AT AT DASE G A AN [B)RBE T IR A T 5 28,
T8 0 2% 1) 22 ROBERHIE 27 B8 ) I 280t K BE 25 AH G
FIANRAE BRER B8 A2 5| NIR G B SIS, S35
FRIERER. FATM R T — A KRR JF g 4, Horh
AL F5 001 BCHE 0 R B B . A AT ) B A Lt
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oK a8 R AE 5 R0 2% BB AE, Xl ZoR e
ATEA MR LA SR, Zhou 25 AU STHR HY B i s
RFAE A A0 R (6 B A3, e ATIHE 18 S SR AS AR AR, ELR
PR SCRFIX PR A 2 S SRS R, A AT v E R
JHCTE H B B g B 2% AN AR A 8 2 TR) Bk KOS 82 I, R
FH 25 G (1 245 RS e 77 10 B 7 BRI B 42, (19 R A0 2%
FHERTE UE B HEFE, HAES I i HAE X
B2 S5 R (N R 2% . I e 2 A Bk R 0 2 L 7E SCHR[19]
) Mask-RCNN 73| g 1 B 1 45 Rk, [FIRE, %48 U-
Net++20Mi ] 255 25 U-Net!®!), 40,5 %5 52 Bk K% 42 A1 Bk
BRER AR, AN K Z BRSSP B Z 1 5
HER, RRHERRLES R

He DL EWRALHIIE A, BATTRA % 4 Swin Trans-

former AR &3 5 J1 P2 B i BRER BB B A7, R
SRR ) S O R L, (AR R A i ) 23 A1
fEi as 2 A deid. ¢
1.3 3% Swin TrabsBrmer FRER

RN B R, A B E B %A R A
T A Swin Transformer ¥, ¥4~ DSTB H1 £ 4
Swin Transformer 2H i, EARZE 1A 2 FIE] 3 Bios. A4
Transformer ¥FHIE(E B L3764~ —> Swin Transformer.
Swin Transformer B2 F TP % 10 (shifted windows)
FJi&E 1, 544> Swin Transformer Bt fi LayerNorm (LN)
B 2 BAEEEY. FIRERNAA GELU JE4Mt
PP Z MLP 4% 7E AN ZESE ) Transformer AR H1
AR T T ' A2k B R (W-MSA) AL
BIEET 8 2 Sk BE R (SW-MS4) B ZAHL
LIE AR

2 = w-MsA Ly (! nrdte T

% MLP (EN(2)) +2! )
NS ANy 5l
21 = SW-MSA(LN(2)) + 2 (3)
21 = MLP(LN(8"*1)) + 31! 4)

Horb, 2RI B RN 1 LR SW-MSA SR MLP
. AN DB EFEETA RN

Attention(Q,K,V) = Soﬁmax(Q—KT + B) Vv 5)
T Vd

Hrf Q,K,V € RM>A 5B 2251 SR RME AR, M23
R LR patch ¥, d %5 Q 8L K (4R, BeRM M
SN o7 B R

. B

{ MLP - if'_:u

Z]
/ A1+l 1

Kl 2 Swin Transformer %544

K3  Dense Swin Transform&l‘- b‘(_)ck &Ky
K 3 EPFfj{ﬁ/l\ Swin Transformer (ST) %,

7S W
\

» F' = Pst (Ppp(Fi, F} - FI71Y) (6)

5 F
-

Horr, Pgr Fl Pep 43 3132 7~ Swin Transformer # 4 FilEF
(E R &I
14 BEAEE SIS

EASCHR, AT TR v 2 SO, ISR 385
A R G ) S 1305 12 T RS SR/ 2 D 58
FEAL 2 AR 2 (R B8 X ZEHE.
1.4.1 JEIEEE S

SR T (CA) BB B R 1 B, P 4
3, i AR PR B ST 125 A H W C 94 T
Fe, Fe 6 4 A AR AL B F LT 5 4.
P2 L (MLP) S0 06 HR A 147 4 3,
£ 545 5 FH T A i, B Sigmoid B ¥4 5
S P 1 R P A L T 2

M}M (Fc) = o (MLP(Avg (F¢)) + MLP (Max (F¢))
= o (Wi (Wo (Fe™%))+ Wi (Wo (™))
(7)

HoH, o5 Sigmoid % AL, Wo € RPCRIW, € RO<F
FoR MLP (355U, r 677 R4 o, FAYS FFMa 43
127 F o 303 T A A5 i A 5 (TR

MaxPool o
N . : J' Sigmoid
e \/; m K ¢ Ol
?L \‘Eﬂ/ "« |/ Channel attention
AvgPool ] Ce
S YN
Kl 4 GRS SRR

1.42  ZS[AE & i
725 [B)VE R F7 (SA) B B A2 48 245 E B g
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KEAIE R R, WK 5 PR, 58RI, 46
—NH X W X C i NRHIE F(, 38 7 AN A ok b 31 4
NFHAE, S5 RPHE R —MRIEE, BEI GRERE, &
Ja 1k Sigmoid WU% B B 1 BIHRFAE K, X AL AT R
ZiVs

Mspatial (F,C)

= 0 (convax3([AvgPool(F(.), MaxPool(F(.)]))

= 7 (convaxs ([F 28, FM®])) (®)
Hordr, o RKIR Sigmoid FIE BRI EL, convass Kon3 x3EH,
F N F M 43 3] 47 Fl 388 e P34 A A0 B o 1k,
S PRFAE.

AvgPool

Sigmoid

MaxPool Spatial attention
i Se

Bl 5 AR

143 IREHFE IR

T I TE B A B AR R 5 N TR B R R A, SR
BB (R AEH R . a0 ] 6 FoR, IRG B I ok
Xof 2% () 43 SORT B R 3243 3 I AR AE EAT 3 4, He
TRLE FIRFESEAT 3x3 AR, L& H— 4kl ReLU #.
JUALER, PR 23 ) 43 S B0 i HH ol I s 1) AR gt
ITACBE, 13 BN S5 R 5 2wl il & MR A 3. 8%k
N304 S R R I T R AR, 5 R R
71 B I LA BT ) filA REAE, S5 SRS N B Rl G REE, B

J5 o 3RAF I RFAE AT B BRI B R R AR 1S BB 1)

AL -
h
o ' 53 :
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ELps - eomme | o 4
T| Concat [—+ Ly [~ —=X—* O™ [
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FEA T /0] B B G $00 G e R, R AT I8 i B L e
By BRI JURTP RS S 7 v B SR AT T AL B,
22 4500 sk EA, 1700 5K 1 55 BGAE A £
P, FRATH A Z0I T34 Dice HHILREL (DSC) F1-F-
¥) Hausdorff FE & (HD) SRIFAGIRATI J772%:. DSC HIk
FE PR AN B A B ARABLRE, 0 2 T 2 5 4 0 0 N S S 78
MOHERAYE. HD 5 2 ISk B 510 0 4y e . eAT]
158 L

_240B| |
lAI+IBIY ©
HD(A, B) =:max (h(A, B),h(B,A)) (10)
)/ h(A, B) = max{min || a—b ||} (11)
h(B,A) = max{min || b—a/} (12)

Horp, A fRREZZ BB, BAUKRE L FI 1) i
MR, = (10) WA HD, =X (11) F=l (12) 43510 9
A F| B MM B E| A {155 HD.
2.2 KRS

#:F Python 3.7, PyTorch 1.6.0, Nvidia 1080Ti GPU
SE RSB, YN 2Rk 2 O R A [R5 & bateh
size AN 4, WIUGS 213N 0.01, Ptk 2s M RE AL BT F%
(SGD) & 18 FH A2 XA 45 2% B £ CrossEntropyLoss()
F1 Dice Loss() P45 2% B2 A \"_

FEAR FI A S50 2 10, R3RA TR TR 7 1) o I 15
2 ) ﬁj‘%ﬂméél_U—Net, U-Net++, TransUNet, Swin-
Unebift (708 L AT, S R 1, 46 2 .

R AFTEAESE EERSE E 1 4

DSC (%) b
e R REL
T B R R mE L )
U-Net 75.30 77.99 73.95 75.17 74.62 74.77 39.81
U-Net++ 84.69 84.88 84.93 84.68 84.50 84.45 36.34
TransUNet  86.23 78.38 90.61 85.86 88.85 87.48 64.68
Swin-Unet  84.16 73.53 89.59 82.92 86.49 88.27 34.56
CNN+Bi-RNN 84.00 77.74 89.01 84.71 81.05 87.49 38.76
PointRend_Unet 84.71 80.50 87.48 79.43 86.80 89.34 32.87
Ours 86.79 78.64 91.15 85.96 88.60 89.59 32.05

M1 R DUE Y, EMEE BE S b, AT A
13201 DSC M HD Z4453 318 86.79% A1 32.05 mm,
WA T BONAEMR B 7> BI85 1. 5 2 U R 5 R - )
k2% U-Net, U-Net++4H bb, FRATHIRAL 53 # 45 AE DSC
1 HD 433 78 KT 5 TransUNet £1 Swin-
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Unet M L, FATH DSC 73 514 = T 0.56%, 2.63%,
HD 435 F BT 32.63 mm, 2.51 mm. 5 H Al 5& 55 &4
43 #1777 CNN+Bi-RNN. PointRend Unet #f L, FA1]
(1 5y E 85 AT B H) DSC 75l T 2.79% F1 2.09%,
VB FRATI AL N5 1 Y i 2% R AR 2% 2 8] 115 A%
o, D TR BAR, S T BIER B B FRATIE
TE I 5 B0 48 EVPAl T AT 795, BT SEER #2178
FHFEI v BT AT, DUMEET AP L. % 2 B4
TELIR AR, TER AR b, 1531 DSC M HD
B0 BN 88.17% F1 29.57 mm, WHELAS T Bl (1943 I
SEOL IXRIY T IRAER H DR A B A A
*2 ARGTEERHIIRE B EIE R
DSC (%)

i SE0E BESRTE 94
Py HEAN HEALN Bk BRiEZ

7% H
ﬂgi i (mm)

KA KA [ ) IX 35,

U-Net  80.54 82.15 81.15° 80.29% 79.71  79.42 47.46
U-Net++ 8592 85.10 8623 8642 8577 86.09 36.90
TransUNet 86.55 78.08 " 91.60 86.04 88.15 88.90 60.04
Swin-Unet 84.43 88.17 84.87 87.60 73.82 87.68 30.92

CNN+

. 84.57 83.62 88.10 8540 79.17 86.56 30.84
Bi-RNN
PointRend

— 8145 82.33 80.87 76.15 78.30  89.60 31.01

Unet

Ours 88.17 90.29 88.96 89.91 81.57 90.10 29.57

T FRATI A H B 5 Swin-Unet 4% (1 5 1
gE BT AT AR Lo AT, S5 SR 7. AT LG HERAT
(RS B4 21) 1) 480 s R 0 5 5 03 Wh R 3, i LGS
AN 7 2 590 B 43 ) 3 R B A . B A SR A B
P 15 BB IS A k.

2.3 JHRASEIG

B AE FRERK E54% _E R %5 48 Swin Transformer
RPN S VE B TR, SRIGIE EAIHH MO, FRAERR
TR EE AR B e T I RESK e, 45 RN 3. K 4 P
7. Fofi1K Swin-Unet 1F A3 ik Scub IR S2a 3 0],
MEVEFNE DSTB B, B3 T DSC N 86.59%,
HD 4 32.32 mm 45 R, BT g 17 40 5 B R
AT IR A TE R SRS, DSC Ny 84.41%, /NIEFE H 2
f T B R HER . 24 FIR i\ DSTB AEHFI &
R, RS A HR AR FEUS T DSC A 86.79%.
HD 4 32.05 mm [ 5> %25 8, 72 o 5o 4 S 7
DSC 9 88.17%- HD 4 29.57 mm {173 B 45 5 ¥4
ERETt. BRI U B 5 X T B R AR T RS ] R
b AR T FRATTEE H ) B A R

wkEk ., HD™

[ L || L
WM BEWN RE WA RS AEASN KA

Swin-Unet Ours

Ground truth

K7 ARTTERFISRE

R3O AEBE B LR RSE L

i DSC (%) HD (mm)
Swin-Unet 84.16 34.56
DSTB#iHkt 86.59 32.34

NESEREN WAL 3= 84.41 39.06
DSTBHR AT & S 86.79 32.05

\
%4 TEMEEURE PR

7 : DSC (%) HD (mm)
Swin-Unet 84.43 30.92
' DSTBA#H 86.82 35.39
L RATER B 85.41 36.42
"DSTBHER A= S 88.17 29.57
3 4

FEARC R, AR E T —Fi 2T Swin-Unet [
1453 &| 77 ¥ ——DH-Swin Unet, i T 37 E& %, 3
15T Swin-Unet WX 2%, 557 & T SO FL ik BR % 12 2%
17, A MEBERE R 5] N3 EE1EH2) Swin Transformer
BNNR G = i, SRIG SRR AR At R AE B AL . 3l
TR 2 PR A R B AT SR, A R R BEATAT
PEH B B O ()3 SR T R, HRRE G B
I, e B B4R 1453 T DSC R 86.79%-
HD 74 32.05 mm )73 8145 R, Ul IR SO H i 5
A R,
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