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Abstract

Osteonecrosis of the femoral head (ONFH) is a common orthopedic condition, where early diagnosis
and precise lesion localization are crucial for effective treatment. To address the issues of subjectivity
in current image-based diagnosis and the failure of existing segmentation methods to fully leverage
the anatomical consistency of medical images, this study proposes a DA-SwinUnet model enhanced
with a directional attention mechanism. Built upon the Swin-Unet Transformer architecture, this
model integrates a directional attention mechanism to enhance directional feature extraction and em-
ploys weighted skip connections to optimize network performance, reducing computational complex-
ity while improving segmentation accuracy for lesions of varying sizes. The concept of a Directional
Connectivity Vector is also incorporated to further enforce anatomical consistency. Experimental re-
sults on a clinical MRI dataset for ONFH demonstrate that the DA-SwinUnet model achieves a Dice co-
efficient of 87.3 and an IoU of 78.7, outperforming traditional CNN models and other Transformer-
based segmentation methods. This study indicates that the DA-SwinUnet can achieve precise segmen-
tation of ONFH lesions while maintaining anatomical consistency, significantly enhancing segmenta-
tion performance. It provides robust support for the early diagnosis and clinical treatment of the dis-
ease and holds promising potential for application.
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1. 5|8

J & Sk FE(Osteonecrosis of the femoral head, ONFH) & — i [&] L3t 7 7 T EC W BEAT PR 5 L ZURTE, 7
T30 250 5 AHF. AL, WG ERA FEBURE IR0, TR M E RO D RERREAG, 1Y)
AR EATH T BT R RAT W A A R W], RE R O Gl 15 75, H il T R RE R,
ZHREFAEFSH CAT T[] [2]. B, SCE R R0 AR A H 5 0 5 5 A0 T4 8 A 8 I PR T T
WM E] T B R HEEME

HHT, ONFH IR IZ W 3 ZEARME A5 MRI AR B EMAEE, Xt RBU2S W4 R 5 2 A NER A
WK 22 57 B M [3 ] JOHXS T ARAAGUN . 2 SR Bl IR JL Y T [ P o A R kL, RIS R 2
W, WERCER, RG2S AR 20% [4], XTEEAS TABIZE RS KRR

I AR, VR FE 27 ) BORAE B2 5 R 73 A TUUIAS: 1 S 35 a3k R [ 5] o B T A AR P 22 I 28 1) ST 4 A A
W1 U-Net S HARGR, CF ZRH TR EMRLR B3R, HFEZ DA TFEZZEEIESE R R
PERE[6]. TNA BT I 20K BRI N 25 B T ONFH 1) H 373 2%, %41 Wang &8 NI iy, 56
IE VR 2% 21 7 10AE ONFH AR R ATV S5 BRI [ 7] RT3 SRR R A4 (kg 7™ 2R 2 0 RELIS
fhivh, ok SEBURS B AL 8 A 5 08 B pr,  HME DA R MM VR T T S HiE B 7T K .

FHECZ R, Jikh o B Re RS 1A Bk A2 X3, 2 PPl ONFH #ERE . SBI B B 462 W R F IR B0 56
HE[8]. #ATMT, ONFH Jo kbl & LA . AN H BA PR J7 MM e . (LS N 2%
RS2 IR T R A 2 B, M DA S S8 1 R 7 e M Gl i) e FL s (Rl 1, 3300 10 R AR
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IRAE o RIS FIR Bk, 77 1) I I AR TN & 2 B 3 B IR o 1207 Vi i AR R 1A 8 U7 1) ST
B PETE 7B X 5 2 1] 25 74 IO B2 BE 77 - DeconnNet & Hi 1) 77 1] %38 [] & (Directional Connectivity
Vector, DCV), i #4g%E 8 i@ 177 [a) Eil PEHE D, 477 5 B 0 s Al N\ T8 FERFAE 5 (8], A RO 1
RUPURIGINGE7 T ORI — BRI RE J1(9]

SR, BUAE W7 R B MR8 N T B R & B S8, WA E 2T Transformer HIARZ
Swin-Unet {E N —FZ X Transformer 3% W4%, FEAEH M4 R @RI I 2 RE BT SUE BHIR
Aet), FERR 2 EUR 7 BT S h R I H AR BRI BE[10].

AHFFHRE T — M AIHTK) DA-SwinUnet #8Y, 15 7 1A BB B AN Swin-Unet 2244, #8 T
—AN A 77 1A BN BE /T 1) Transformer 73 #|4% o ZAAL 51N T 07 mvER AL, LG5 1A 145 B e
H, A5 00 245 e s SRS v MR $2 ONFH 3 k1) 7 [ 14 % 23 [T 25 AR AIE o R4, T 0 5 22 B AR FUASE 8 i 4
/N, Transformer KZHUEA Gyt A 1 ) R, BASRA] 7 INAUSER R 50K [ 11], fEAE®E b0 T IBiE
B RS HUGIK R R, $2 T 7R IR AR IR 2 B 4R B0 7 B RE

2. XIE
2.1. ONFH B3 BORE F IR

T B H Sk P B (osteonecrosis of the femoral head, ONFH)[I54A% /- AT 45,  BIA SCHR A A% O AT 5% 32 2
SRR H 5 0 OV TAG FE T . T AE 2 R A 4G AR AR I 25 (2D CNIN) LI F] B 1R B P2/ 1) ) i
T Steinberg 73 AR 73 M . B4, Wang S542 H £ #6428 CNN, FR7E/MEAR MRI £04l FEUS T #83d 80%
(5 HHERAZE[7]; Shen NG IR Z M 4 51T 2% 21454, HITVPAl ONFH [/ EARRE[12].  FRJ7vk50E
TIREES 2JHT ONFH 2 SiPAh I al A7, (8 H A H s DO B AR 28, DLER R 3 G0 1 e . %
EREAE R, BRI T BT 75 RS 0Pl 5 THATIAEE A &2 o

FHELT 73 AT S5, B0 ONFH o3 kb 43 BT A BN IR o Ruckli 2542 t AH AU OG5 MRI HORH3R
FEIX 34T 58 B VAR B 24 2 vk, kb4 %) Dice R2FUXFI[13]; Uemura 3T =48 MRI 25 &M T
ONFH MR PFAG IR 22 SRR, kb7 F) Dice REUAH] 0.89, PRy 0.76 mm [14]. ST
XL FE 9 ONFH B3 #E 4 7T MERIRE, (B /NRIEBUSREA L . G Ba@ae A IRE T
TG TR, 07 22380k Transformer ZRfS 2% 5] N U-Net HEZE, FF 45 B2 1 R0%
LA Z R FEUNRREVCAC W e . SR, BT Ek = B2 @A, o014 BAE 7 18— 8
ATH AT BE S IR AN IE B o) @R[ 15]0 MR 5, QAT 78 DRAe 4 a2 SO B4 [R] I S 77 [ JEE 2 M 5 4 — B
P, ATh7& ONFH K5 4H 7 FI Y i A5 fiff e () 5C 5 I i

2.2. BAEFEZRTEING

G52 G oy ) 7 1B BT 3 g 2R R HE SR . T 5 AU 48 N 25 (CNN) |1 7 B HE 42 55 3% T
Transformer [ EIHEZE,

2.2.1. EFRHERLE(CNN)

H U-Net [16]32H DR, A BRERER gLy - fif1028 (encoder-decoder) 45 14 CL A B S5 k43
EUTLH L EE M. PSS, SegNet[17]v 5l N2 7S (8] 4 7 #5 i 1b (ASPP) ) DeepLab [18]LA &2 HRNet [19]
SERFMERA, HRNESTHAER T 5 S0 EREE. BIAEBRMZ NE LR UCRE S 2 0P AT R
SIAERG, PR T 2 RIERHMERIE SR E /e 7). SR, R 10 J 0 8 52 B A Ol LA 3 [
TR KRS /N RA EL 7 a0 PRI 2 i A (201, 55 HE BRI S 4 5 P R
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2.2.2. Transform

TransUnet [21]/2% ViT (Vision Transformer) [22]fh & #E U-Net HEZZ[{AAY; UNETR [23]55 Swin
UNETR [15]0RH 5 BN E DERE MU, 7 2D 5 3D /4 #UE S aets 2 a T4 5 LR SCaae /1. 2
MM, IXEEFET Transformer 4% % JE(EIBIE BY patch AR IS& RO R [24], B X J7 B
5 RN R DI, 78 TR AR 45 M S 50— Bt RS 40 23 137 5t (1 i ONFH H /g
ISR 380, 73 B 45 BATH AT A th I R sl i FH PR HOE I R

STB Swin Transformer Block
PM Patch Merging
LE Linear Embedding

PP Patch Partition
LP Linear projection
PE Patch Expanding
o o
— h 2 ) *D * 1 E B '

—

-

Figure 1. Overall architecture of the DA-SwinUnet model
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3. Fikig
31 ESENSERAYE

AT & LS MRI B A B Sk 3K %t (osteonecrosis of the femoral head, ONFH) - #) H 8l 73 %]. %
FE55 Ak —4E MRI DI PERM N, it SRS — 8 2 28000 8. AT —BiE eSS,
ONFH Wikt BB FRIABNG R EIREEESL, 300U AT B ORI A DX 31 2 (A i v 5 e — Bk . 1X
Ry ONFH i A1) 25 (8] 7341 5 B Sk W B N RREE ARG, RIS B — € 77 itk S, xhor &)
SE R G5 R — B A — 8 BRI, 23 IS5 SR I S5 S0 5 228 BTG SR TR SR HA 2

RN R BRAR, A SO — A DA-SwinUnet W48 454, @It 51 N7 a1 = S ALH] S A sk ik
A, RTINS RBERR I Je a2 SRR X IR A RE ). Wil | B, BRHEZR i gmBsas . 5 v
H(Directional Attention Module, DAM) A A% it #% = #4320 i

WX &% T R X FRI U FE45 0. ZRfid 889t T Swin Transformer $EHUE R ERFER N, 18I HR 40
WHFEN R R BN ERE . BETE, MWABURE etk vE T AESN patch, FFE 2% BURHK
NN EYERHE R & BiJ5i8id £ )2 Swin Transformer SHUHEATRHES IS, FIH & 2k B & /) (window-
based multi-head self-attention, W-MSA)-5 F& 4 & 17 & /1 (shifted window multi-head self-attention, SW-
MSA)SEEL Ja iR i 5 i 5 B2 H. fE&M Bt [A], patch merging B 5¢ il (8] T REE SHIEY FE,
T 53 23 R RRE R IA . fRRL 28 2540 5 gl 28 S5 MR, 83T patch expanding HEHUZR 1k & 2% ]
SrHRE, JERLE SRR DAAEA R AT B, B 2R R ai ] SR 2 BB ORURE A Bl g3 B

TEg RS A8 SRS 28 Z RIFRIA B, AT ANTT = IR I (DAM), LR ARG 2= (R ) 77 0] i

x4dls
INd
x41S
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IR BT\ F T ORI B R 7 )R DT R, 51 34 2 ) R RE g —
B EEMRHE . BE—DHh, J7 51 5 00RRAE BITE B 2% S A0 R SR E A R 7 AR, ke L TdE )
REAERR G, AT 38 5 AR TR /N kb T e M R SR AR 0, B SRR N G e R I

Ib4h, DA-SwinUnet 7EF5 ZRHERE TR P 9l NINBUBRER EHz . AR TS BHEEDHE 750, I
BRI B AN R R GRRAE 70 T E S BR300 2% i % 98 L o L 30 0 3 SR TR 5 B gt
— AT AR L EWR GRS, 57— T3 2 REEWIL R #1 8k, IFENEREZEEB
Y5 T G2 fif Transformer ZEA40 78 AE I 0L XU -

3.2. 4mhBEs

it 25K H Swin Transformer M\ MRI FE 2 ELZ REEFHIE. Swin Transformer 27T ViT (Vision
Transformer) 32 M4 &, 151 NE H 2 3k HE = L (window-based multi-head self-attention, W-MSA) &
T & 1 0% (shifted window multi-head self-attention, SW-MSA). 5 ViT 45 HIEE AR, W-MSA
B NFHERN 7 A T EARZWRIE D, JHMEE DN THE BRI, AR Z R E 2
RVRANE PR AE HAS R R R, SW-MSA TEAH SR JZ Z 810 & ORI g 47 P, A9 AN A & 0 X ER% 7E
JEIRVR AT BA e, AEORFRUE SRR 1 [R] I SRICE F= 5 (95 XK B R R M2 Swin Transformer Bt
gk 2 Fros

4 D

N T O - O
4
N
)
= - O
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Figure 2. Structure of the Swing Transformer block. It consists of two sub-layers, W-MSA and SW-MSA, and includes LN,
MLP, and residual connections to achieve efficient feature modeling

[ 2. Swin Transformer 3RAILEH) . BN TFE W-MSA 1 SW-MSA A/, #E& LN, MLP MEREERE, U
A A AFEE AR

3.3. AEEENER

Swin Transformer 2% T~ [V 5 AU, BEE 7E B A B 7] I @ B8 =) 855 4 Jm A5 2 A L, (45 T4 B
IRFIE A L& 8 115 SCGRAE, GRS TBOVHBIN S M4 ME S, JHERERIA R W5 1714
RZEFMS A ER R WUTE X ER, EERERZERAN A E T RoR N, E
W O P o 2 5 1 DR R P T 22 i 5 4 A 1 5 S PR A [ PR AE

SR, IXRTT AR BAE A R M dE R Lo BT “ TS, XELIB S BB XA . 785>
ZHRIFSRALTT [ VERFAE XS 2 BRI DR, A ST HOR A% G — (EAR I (Mo B 0 8 77 R (Dy) . FFRAEAE
WEHE S o IR, BREARLAE A 5] AR SRR AR A TR I, 3 BEAS 7 5048 A TRV 2 TRV 1 5 077 1] SR K
MG 73 1 IR v B 4 1 OR35Sy A vy e B 5 A — b
3.3.1. FHEERIREHEE

SRS RE 805 HE T SRR ek XIS R 77 TR PR R, AR SR K A% 52— (EHE I (Mo B4 9 T 1 AR 25
(Dg), FFELLARNMTE S S . Wk 3 Fos, JRASHIEIE RS T ey \lIE U7 s, b ae il
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Figure 3. Schematic diagram of orientation mask generation. The left side shows the input binary mask, and the right side
shows the generated eight-channel orientation mask, with each channel representing information from a different direction
3. AEEEE RN TEE. ZMNERGANZHTIER, ANERERN/\BESEEER, SMBERTA
RsEmEE

Biln, £ “ £ JrraiEs, KM EREN 1 Ros. AR, 0B &R LR ETTALE
BRIDRZE N 1, MIPIFEALEZTT 0 ARSI R R T7 FHREARSE Dy R I RE A0

D(O) (x ) — l’ifMgt (x,y) :Mgt (x’y_l) =1
LN 0 otherwise
EXH, Dy(i, )RANDLEG, )W TTRFREE, My(i, )R NOLE G, j)A ) —AEFEREARZE . % Ol I 7EX B
77 [ IEE R S ARG AR 9 1, AR Tl A6, SCEIN A5 2R ) 7 )l o5 2 (1) S Ut
3.3.2. FEFHES| S5 A =MLl

X Global AvgPool
channel-mapping

up-sample | I|
(T ?@\
— >
A A4A4A4A4A4AAA Gg
_—
Figure 4. Schematic diagram of directional attention module (DAM)

4. FHEERNRROAMMTREE

M

v
]

i

NG| W 2 HERR RSN TT VRS, ASSCE T2 (4% SRR AL & F A3 1 7 1 51 SARFHE A Fagre B
WIS, B SRR B F AT I8 W (channel mapping), 2R J5 3 FRAE 425 5 ) HEAECA 7] 19 2 18] 43 3%
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2, NIRRT 5 R AR B — 3. 13318977 18 51 SAHE B Fagr AMUE NS B I EHE 5 R IG5 77 17
PSS, BT R 20T M AU AR IS .

B f5, FRATTXS 5 1) 51 FHRFE B Fape I 42 R ~F- 33t it (global average pooling), 32—~ J\4E 77 [/ AL
g, ZAERREGESANTTm EREARERE D). X — 77 AU [ A R S T 5 & R
TE B H B R &, AT 3G SR AN [F 77 1) B S5 R 15 B RIR .

3.3.3. FEFHEE NN EE

TESRIG 7 MBLE JG ,  BATTHG GmAs 25 i th PR ARRAE Bl 4 X1 o o )\ A T4, A AL IR Ry
SEJT FRFIE P48, ARG, 07 MIRUEE 5 & F4RFAE BRI, AT 384 58 XoF 82 77 i 10 o o 1440 s At 75 ) £
WA o X B IR P Bl 5 R E AT RO R, R [l JR AR AiE B

w4, FTA )\ INBURFE B DFHEE — S, AR — DS — MR e, 2R T B mtk
SERIE R . VBT TR R IR, X SRR B R AT TR R A R 1S R ST, R
TEIBLGATM . SRR UL S R AR AT 5

ORI FEUNE 4 R, Hoh it ds A URRIE ], B JS Ok SRR AIE PR b SRR S AR B LA R ) REAE L,
XL A BRI B G, B TR

3.4. fRFOEE

RS AR A BLTHIE TR ST U-Net 284, fRIVETIA R Elid FRAEABERIE R S BRI 2 7] 70 %
2, [ IR AL 45 BB 20 FREAE 5 S R AE B REAT R o X — 3R B T IR B A ) S SR E A VA

.
B

3.5. In#kERESE

FE FESS T, BEERER TORAR 2 H 3 R A Zi b 25 %0 B A a8 R0 B 2L, AT 1R R O 240
TEE[25]. AT, ARGt IIBBRE (P SUIAN IR B A AR R AE I R 22 57, X TR S EUTR
BE R EERAE . R RANTHAES T, A0S A B AR XK — /Ny, X — UM .
TRREYER A, FATFIN T — MBS ER AL o ZALEIE ] — 7T S AU o SRER A g 25 A
SRS AS ORI, b AR IE T 5 A Oy

Ffusion = aF‘cncodcr + (1 - 0!) F'dccodcr (2)

B, a BEMEFEIERN, RoRmiDIsAFEESREMEERE T oTk. N T IR o FREFE[0, 1175H
W, FAMEH Sigmoid FIG A%

Tl

a =sigmoid (W, - F, .y +b,) 3)

X BT SO VF I S AR T 55 1O 75 5K 138 N AR AR A DTk o 0 TN AL, S A Z R RO AL
H, DUEGF e anti[20]. M, X FRORH) HAR XIS k), WE DSR2 R s, S
T ERHE, A3 SO BE A TR AN 45 44 A 2

S GRPHEREAR, J53 7 6 3 BUA A7 A& R L, InAUBRER R 51N T R ST S
REREHRFAL, 8% T AL EREIEY R, MR ERD THERERSHBSHE. RS, E1E5%
(] U-Net 22k, GHIE4EE (0 B PHE 2 3 BUSE BB ER@E G (Bl CIIKE 20). 8 1 EATRHIEXS
FHMAR T 2, @ BIERBIMIERZ 1 x 1 80 3 x 3 BRO)HATHEE FLE, XTI AEE
O(C?) BB Pe RS HOT R . MHELZ o ASSCHE I BB 43 3% 76 3 AR Al (Element-wise
Addition) )77 AT, AEASRE 5 FRFIE BB EBUR A LERFAE Co BLAL, THERUE o FTif i Emt
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HZHACN O(C) Bl o RIBL, ZH U MARAS 138 G 7 B 50 i R A I I AK DAL Bt e ) 4G BT
FERAR T R 5 AR AR AN, SEBL T 2 REZHRHE R RBOR & o

3.6. AKEH

Bt 7RI R A VRS RV R G FAR K . T AR R T R 4 SR s ] Bk
[27], TR R Do A5 R 32 2 T DU AC A TR R SR I AE A 17 [ 28]

3.6.1. EE MRS (Connectivity Loss)

HIEPER ) H bR A BAR G R B S (R @, R OR B A a1 2 ) 5 SV AN i S B
DX BARI S, FRAEE TH R AR i) 7 el R I 1 B 5 8 R S 1 3 SRS 7 e R i v T
[ 18] 22 5 SR PP AR 1) 22 ) — Bk o

FESRHELA,  FRATT T S A0 B A 4 R AE B cmap THE B MERAEZ AN T7 10 EREREMEE R . )5,
T I PR T ) T 3 1 P L SRR S TR ) M T T SR T B A O o IR, ey B B BEANME
REARTTEGE B N B AP ) BRI . RS R A X

Loy = BCEL0SS (0 ()€1 ) (4)

> Ytrue

b, omap AR A Y A IEIE IR I, 283 Sigmoid BOE BRECHLG, EIRAE[O, 1210, FRBEMEREA
[ 77 1) @ s e R BLSEHRAS I T ) PR VR ], RS R J5 (1 L Sbr 25 e 1 ]

3.6.2. HEHH

N T AR AR B, BRATSE A A 3 B R AL . BT S, RA MG
REZAT W LW, SZERAIA T MIEBREERE, DA m 55 K.

BEM AT EEMER A L. N A AR BRI GR 2 R, e
DA R AN . X B I PR AT T, PSR R AR 5 ) R T AN AR R A B
BB FTA T RS R R OINBOR A A, DM MR R I iR A TR SR . I TN 43 ) E
IR PR R AL 7 A ORI SR A

3.6.3. BRRHEBK

G RIS RS T 38 Wi & (Cross-Entropy Loss)#l Dice #1125 (Dice Loss), LAfLALIE Y )51
PERE . 28 U0 SN B T30 aek B A RO AR 25 A B S AR 2 R AR MR 3K A R HERf 1% . Dice 451 25 U4 Sl ik FH
TNV BAS TR AR 3 BT 55, DR D e 6 T X s R B 5 X3 ) P B 3 8, il B A F 3 Rt
Fo MIEME SRS THRERCTNREEE, E5EH 7 8BES R E .

4. LW ESER S
4.1. BIE&E

B FAE Bk B B R MR EE R, B4 43 G SLIRSE(ONFH) &35 1) MRI & . %%k
PRSI U AL 24 % 60 X Z AR B, ¥ &% ONFH IAFBrEG ik 5 Bis.

T F /B 2R RAA2 9 ONFH, AL 0 Al T SN R XIS, IXORIIE T a2 10 2 e 5 0o
AR . MRIEECR A T1 80 T2 IBGEARNL P 9T R4 B IR AR AN S 8O B — Bk,
A BB B LU0 U BHEE I 58 R 5 -

993 A X358 E 9 44 o S BRSO AR T4 TTK-SNAP LT N CARTE, It 5 = 4 U R X
RPISRIELRRATER, DAORIERRE 1 — Bk 5 e i
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Figure 5. MRI images of femoral head necrosis (ONFH) of different severities and their corresponding ground truth labels.
The left column shows the original MRI images, the middle column shows the magnified areas, and the right column shows
the manually labeled results, where green represents normal femoral head and red highlights the necrotic areas

B 5. RE &2 A B L5 (ONFH) MRI 1R B3R ESTRE . A5 SREH MRI g, HE5IERH
ABXE, AVRTALIFEER, HPRERTEBREX, LBREERIFIEXE

FRRUAE IE SO ZRAT B SE 75 B Ba HEAT 1 ALY, ELAE 0 S e 1 o S A, X PR RESRTT I
B, REEREZ AR, IR DU SRR AR N AL 7 137 5T B0E R P B S 1 2 R DR o
BMANTLFRE, AL ONFH H 37 F 55 Bz Wit 7t o B B i R A E A PR = e

4.2. SEROYRTS

AT, FA1HEET PyTorch 8IS 56 FE-T R 45 A o B BEUG AR slont 2 1R 77 1) EE IR P FE A o O R 2
K FTE ImageNet bl 2k ) Swin Transformer, F THIEMBERI ET ML AFRSLIGRLE TS
WEA 225, PRUERT EL A& B, ASEES o P i N BRI RS G — 5N 224 < 224 R 3.

W Zrad F8 ob SR FHBEALER 2 1 B (Stochastic Gradient Descent, SGD)IE AL 2%, #1462 1 % ¥4 0.01, shE
0.9, BUEZMAEECH 0.0001. ] 2 FEEAIREI N4 M 2 T R g HEAT 58 . #L 2 K/ (batch
size)& N 8, W AUZIEL epoch B E N 100.

1155 B B A2 Ui 2% (Cross-Entropy Loss, CE Loss). Dice 352k DA K& P #7128 =580 A . Hor,
T JE A R i Al KPR I L ) RSP R R SRR TN () )\ [ e AT 0 S . S
TRRH 2 03 S B IRA,  HS TR R AT IR R & AL R A 1A .

BANEZLIL T PyTorch 2.5.0 A1 Python 3.10 SEHL. YRt FEHC PR . 2 2 AR S Tl 25 3
HHAT A AL 38T . A S236 9 7E NVIDIA GeForce RTX 3060 Ti GPU 58, [Ai [l %E Python. NumPy
J PyTorch HIBEHLANT~,  DLORIE S5 45 B AT I
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AT VR i ) DA-SwinUnet BUPERE, ASCTE B @RI E LA JE(ONFH) MRI £ #li 4k b, 5
Z R0 E G X BIRRLHAT T RAXTHLSEE . XF A4S FPN. DeepLabv3+. U-Net. U-Net++. PAN
[29]+ TransUnet PA & Swin-Unet. AT A #8435 7E AR R 1 SL90 5 B N AT IR 5 0K, DAORIESSE S A P14
Hurtetk.

PEAR bR B 542 IF L (Intersection over Union, IoU). Dice &%1. #EHfi* (Accuracy, Acc)s &% (Sen-
sitivity, SEN). 4 5% & (Specificity, SPE) A K& BH % iUl {E (Positive Predictive Value, PPV). HAASCEG 25 R ¥
W 1.

Table 1. Performance comparison of different segmentation models, with the highest value bolded

* 1. FRISEIRBRMTRELLE, REESMA

ToU (%) DICE (%) Acc (%) SEN (%) SPE (%) PPV (%)
fpn 75.6 85.5 92.8 84.4 94.2 86.7
deeplab 752 85.2 93.1 83.1 94.1 88.3
unet 75.8 85.7 93.1 85.1 94.4 86.3
Unet++ 76.0 85.8 93.2 84.6 943 87.3
pan 75.3 852 92.9 83.5 94.1 87.7
TransUnet 76.3 86.1 93.2 852 94.5 87.1
Swin-Unet 76.8 86.4 93.1 85.8 94.4 872
DA-SwinUnet 78.7 873 93.3 89.1 95.9 89.2

(a) (b) (c) (C)) (e) () (g) (h) (i) 6]

Figure 6. Visual comparison of segmentation results of different models in femoral head necrosis. (a) Input image; (b) Ground
truth label; (c) U-Net; (d) U-Net++; (e) FPN; (f) PAN; (g) DeepLabV3; (h) TransUnet; (i) SwinUnet; (j) DA-SwinUnet

6. PEIMRBEER B IR D EIERIOATAUIILL . (2) MAER; (b) EEFFZE; () U-Net; (d) U-Net++; (e)
FPN; (f) PAN; (g) DeepLabV3; (h) TransUnet; (i) SwinUnet; (j) DA-SwinUnet

LI R R, BB Z MKk ZEREE. KT ERME M CNN)K %, W U-Net F
DeepLabv3+, FIMLL(IoU JEE N 75.2%F] 76.0%), XF LS CNN HI7E AT 55 LT AE 242
A, FHEEZ R, 454 Transformer 2244 I8, 41 Swin-Unet, I T BRI TEST), 8% T 76.84%
K ToU F1 86.48%M) Dice &%, BEM T A CNN M, XZE 7T Transformer FIREALEF P AR
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WA 4 &y bR SO BT TH A 3

T R BN RN S B A FIRCR, &6 g T AN RIS BUTE B Sk IR BRI B I R ARG L 4
o HAEREMZ, DA-SwinUnet BAZEFTA X B b LR, ToU F1 Dice 737k 3] 1 78.70%H1
87.30%, BIF THrMITEREIEAE. 5IRIEL M Swin-Unet M1tL, DA-SwinUnet 7 IoU FHUS T3 1.86%
MRERRTE. WE 6 b gs BT LR, X — B3 MRS TH UK T DA-SwinUnet A58 o 61 3 1) 77
I3 & IR (DAM) AN BB R (WSO BRI B R E T . DAM AU 1L T H AR &5 M40 7 ) MEAS
B, RERF TR SEREEE, 1 WSC B &M A 2 REERE, i 7 AR RZESE BRFIH. X
B 25 LIS/ B0 UE T DA-SwinUnet BRI R0ME 5 e itk R B2 2= BBy BT A5 4R 7 —Fh AR fek
(R e T7 %%
4.2.2. jHRASCLS

N T IAIE AT HR H 0 ) R R (DAM) AN AU B R I B (WSO I %tk , A CH:T Swin-Unet 5
RUBHAT T AL . @B 5] N WSC Rl DAM, & & PPl T R AMEEH R VERE I DTk . BT A SRR
FEAHIF B FEAT, Seiaah RTE W& 2,

Table 2. Ablation experiments were conducted on the proposed weighted skip connections and directional attention modules

= 2. MPTIRAYINANBRER EEHE AN 75 [ELE B DARRIFT T IHRR S

IoU(%) DICE(%)  Acc(%) SEN(%) SPE(%) PPV (%)

Baseline 76.8 86.1 93.1 85.8 94.4 87.2
Baseline + WSC 71.7 86.6 95.1 88.7 95.9 84.7
Baseline + DAM 77.2 86.3 94.9 87.4 95.9 85.2

Baseline + WSC + DAM 78.7 873 93.3 89.1 95.9 85.7

T, HMUEIN WSC RS, ToU M 76.84%M4 I3 77.7%, #2517 0.86%, 1 Dice REIM 86.1%H2
THE] 86.6%. XK WSC I8 [H 1d& S HFA oK H 4 i 2% 1082 4015 RR AN SK 5 AR RS 2% 00 51 28 SURHIE,
g TRE R R, LR BEA /NI A K H BRI DL B4 E e

FERK, 5N DAM BEHUE ToU $2F 1 0.36% (M 76.84%FEF+ % 77.20%), Dice REHE S T 0.3%(M
86.1%E T2 86.3%). XK DAM i B AR H AR 7 A5 S, ARG S 75 RIS R, 3
5 TR B L AR S R I

HEEF5I N WSC Hil DAM BLHE], DA-Swin-Unet B E E] T 78.70%[1] ToU 1 87.30%[1] Dice R4,
43 % Swin-Unet ZEZGAEAUIR T 1.86%M1 1.2%. X — 2T+ 5  7A /M E I 35 1 B F1, R
DAM Il WSC 2 [8] B A 3 K I U RN . EAKRTTH, DAM 58 1 %1 S XSk i) 7 s, 1 WSC 4k
T2 RERERIRG, S DT 7Bk EITERE

5. g5

AR, AR 73T Swin-Unet 1) DA-SwinUnet £8Y, 454 77 )75 & I H(DAM) AL
BERIEH(WSC) KA B SR FE(ONFH) MRI EUE 1) 73 % 1] . S50 45 538 B, DA-SwinUnet 7E %-254%
4{ CNN F1 Transformer FEREATI P R IUL 7, AT 5RIELEMRY Swin-Unet, IoU $2F 1.86%, Dice $2Ft
T 1.2%. JHRELSLEHE— 2 IE 7 WSC M DAM B 8, SAMEHCET 53 Uik TR RE I EE . WSC
Pedlt 7 i A8 AR RD 2% 2 (8] 2 ROBERFIEI Al &, RBAE G UL B REA AN kL SR X kE = 2437 5
DAM i ik i @A 7 I HEAE R, SR TE T B0 i R B R LA S A e B R
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BIIZEE S AR T A48 CNN BRI BGR T SEAC . AR A K46 3 ToK DA-SwinUnet #J& %] 3D
MRI HHEER, RRZEEERM G, MBI B 2 I BOR, DU sm R K92 A6 BE 1 I/ 3o b 4
PR . AT S, DA-SwinUnet #7HE S LA EL, O ONFH Ji Ak 70 #1 Sl RIS Wi it 1584 /)
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