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Two-stage Left Atrial Scar Segmentation Based on Multi-scale Attention and Uncertainty Loss
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Abstract Atrial Fibrillation (AF) is one of the most common arrhythmias clinically. Accurate segmentation and area assessment
of the left atrium and its scar area after myocardial infarction are of great clinical significance for the early diagnosis,treatment
planning and prognosis assessment of AF in patients with myocardial infarction. The deep learning-based method is the main-
stream direction for automatic segmentation of the left atrium and the scar area after myocardial infarction. However,as the scar
after myocardial infarction is small in size and easily affected by the surrounding enhanced tissue,the segmentation accuracy still
remains to be improved. Therefore,a two-stage deep learning model based on multi-scale attention and uncertainty loss is pro-
posed. On the one hand,a Multi-Scale Attention Module (MSAM) is introduced before sampling on the network. This module can
encode rich multi-scale semantic information and make the model pay more attention to important semantic and spatial informa-
tion. On the other hand, uncertainty loss is introduced to enhance the model’s ability to model scar uncertainty. In addition, this
study also uses histogram matching (HM) to enhance image quality and improve the segmentation ability of the network. The
proposed method is verified on the validation set and the left atrial and scar quantification and segmentation (LLAScarQS—+ —+)

evaluation platform. The experimental results show that the scar segmented by this method is more complete and the segmenta-
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tion accuracy is also improved. Compared with nnU-Net, the Dice coefficient (Dice) of scar segmentation after myocardial infarc-

tion is increased by 8.12%.
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FHI‘@HU@E%\I%M??EW\Bﬁm%‘ﬁfx‘ﬁ;‘ﬂﬂ%*ﬁiiii&%ﬂ%%
SERCHE G B 7 e . AR SCR A Simplel TK P # AY Histogram _
matching PRECK AT B 7 R IT =,
4.2 EMHIEFR

AR SC U I 48 R A 8% T 22 B0 (Dice) (55 H7 £ K B 85 (Haus-
dorff Distance, HD) filJ™ X #% F £ % (Generalized Dice Score,
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GDice) ff N - 36 45 » LAScarQS + + 54t 3 £ K A Dice AN
GDice ff A PFH 18 H5 .

Dice J& — % I F Ak W00 1) 43 B 805 5 55 B 14 43 1 8
% 22 [ 6 AL P % e 0 B, ) PP A PR 4 R AT 55 1
PERE R,

2 ‘ S:mo m S;}mnuﬂ ‘
‘ SZ“"O ‘ + ‘ S:\anual ‘

Horn, Sgee, Spel 23 551 R bR 4 B AT I AR 25 A LAY
HD FHF PG 2% %R X 4 19 T8 IR A48 J0KG JE  315% 3D 4%

Dice= (18)

E R RIRZEEE, Wik, HD af Lt — £ & 2 W EH W
FTE,
h(x,y)=max{min{d(x,y)}} 19

EX  yEy
H XY RN S . d(x.y) Fos s« Fl y Z I8 A Bk
[ E=

GDice J& i 38 PF 1 At A& F5 25 19 4 50 45 F 59 AL Dice 43
B,

Ne—1

GDice= g —— (20)
2 CISspe |41 s [

Horp, S, Spemet 43 5 78 H 8 4 B W AR 5 £ AN L F
B2 M IR S ko N AR B
4.3 HBLIRE

T WIE MSAM th MSM, CAM 1 PAM {44 5Pk, 76
BL A LR EAGEE 7 A9 il 4% R LAScarQS—+ + $ 4 42
AT YNGR BGAIE . W3R 1 Fr ), % MSM, CAM fil PAM )
TH R AL 3R T o HORE BE . BRI E L B MSM S, 1 il
#E Dice $255 T 3.87%, HD J&/b T 1. 037 5 mm, GDice $2 5 T
0.91% . X FIHXTF5E RN E /Y B AR 302 R EAF S
J5i RE S A AR T B T A B DT S PSR 4y RS B .
CAM Jii » T BB Dice #2155 T 3.42%, HD 3 /> T 1. 084 mm,
GDice 25 T 1.02% . X 3B CSM 1] LU BB 5 i o6 14 3 &
TG LR TR AR OC R AE (AR 1. W m PAM J& L T4 il
R Dice 3£ T 3.69% , HD ¥ /> T 1. 3676 mm, GDice 5 T
1.18%, X PAM af DUl A5 B i 3 B R 09 2 & 15 2.
AR TH 4> E08 BE . 248 MSM, CAM 1 PAM Wi i 41 & 1R
JOE AR S A DR B — B R B TR T, W AR
MSM I CAM 48 Bl B ) Dice 3278 1 4. 67% , HD &K T
2.7092mm,GDice 5 T 1.26% ., 3% % W [ i1 MSM Al
CAM J , B BIFE $2 U 22 RUBE R AR 1 R Al b fil 4 3 8 A AL , 3
— BRI T A RIAR . W R I MSM Al PAM [ 3 Rl s A
Dice $2 5 T 5. 28%, HD BEfR T 2. 712 3 mm, GDice £/ T
1.47%, X FEWIFE N MSM il PAM J5 BB 7R 4R IRE R
JERRAE Y S Al Rl s RVRRAE L R TR AL &2 R 28 (A2
fE 7, 1SR TR AR G R I A B R AR 04 O B . TR R
CAM Fl PAM J& , Hi T4 7 45 B A 1 S A 2 R0 25 [] ¢ AE B8 i
FB A0 R A EURS B Dice 328 T 4. 63% . HD BRI T
3.1000mm,GDice #£5 T 1.22% . [RH M MSM,CAM Fl
PAM #5314 14 BB RY , 43 FDORS B2 45 3 7 4R K A9 32 Tt Dice $2
BT 5.67%.HD W/ T 3.2165mm, GDice £ T 1. 67%.

X A WA SCHT B ) MSAM RS TT LU 5E 7§ R 2 RO $54iE
I Tl 5 3 T8 R AIE R ZS [A)ARRAE , 52 90 22 48 BE A R AR LG L AT 42
THERL I3 F P RE
F 1 MSAM th MSM,CAM,PAM 4 %5 M B TIE 55 50 25
Table 1 Results of the experimental validation of MSM,CAM and
PAM in MSAM

Method MSM CAM PAM  Dice HD/mm  GDice
BL X X X 0.4964  9.6944  0.8911
BL J X X 0.5351 8.6569  0.9002
BL X N; X 0.5306  8.6099  0.9013
BL X X N 0.5333  8.3268  0.9029
BL J J X 0.5431 6.9852  0.9037
BL N/ X N 0.5492 6.9821 0.9058
BL X N N 0.5427  6.5944  0.9033
BL J J N 0.5531  6.4779  0.9078

TR HLA O B g5 51

ST B TR A R BON BB 43 B 68 O 09 52, BT BLL AE
LAScarQS++ #0445 EME T 4 MERAIMNZ . BL BIAR T
Cross Entropy il Dice Loss B4 & (DC_Loss), M3 2 ]
PLEI I Uncertainty_Loss J& , 14 flEE ) /) 43 BIKS B2 0 15
7RI, Bk UL R ik 2 5 A % bR EE 80 Uncer-
tainty Loss J&, I Al % Dice #2878 T 1. 6%, HD [BfK T
2.7092mm,GDice $% T 1.54% ., B FIEIEAMAX F LA R
AN OB 28 BB A3 EL PR AR Gl 51 AR B E 1E S
FOAE B 2 5] o 72 1 — #4843 T LA 55 R 75 s A8 9 RS g
FEPE T RE T L AT B 5 4 FIKS B2 . AH T BL A+ MSAM(DC_
Loss), BL + MSAM ( Uncertainty _ Loss) i Dice & & T
1. 23% .GDice 2% T 0. 28% . LA Ll 525 L8] . 4 Un-
certainty_Loss A LA 54 LA JEJE 2 T 55 3835 .

8 A 9 4 T 5 A {f FH Uncertainty_Loss fJ 1]
HRAL 7 1] G v B (0 R 7R /N BB L 3 00 7 Sk SRR JE IR
Fry g, —Fr R — G R F ., BL P i ] Uncertainty _
Loss J& , DI 25 19 S0/ EIR B B0 L Al 8 (D i 7w 5 T
B A fi il Uncertainty_Loss A9 BL & B85 f3/NE SRR 5] H L
& 8Cc) Tz~ » X F B S K A Uncertainty_Loss BE 9% I 3% J8 I
AT ENE . AT #— 2 8 F Uncertainty_Loss X LA
JEIR 43 B 8 1 4R T X B S Y nnU-Net d 4 7 58
Uncertainty_Loss 1Y LA JEJRE 73 #1 45 R 47 7 ol 4k, w151 9
iR . Bl LL& I, ffi ] Uncertainty Loss B9 85 51 % 4% /] i 9=
R 1 A8 7 R, BB 0% E % 4 R I BN B IR, 5 Ground
Truth F 4205, WAL 9 (d) ¥ HE BT 7 5 IF B 4f i Uncertainty _
Loss (BRI IR 43 F115 560 58 2, an &1 9 (D # 3k Fros IR
ffi I Uncertainty_Loss A5 1 XT38 /N S8 R A4 38 00 8 1 73 BR
FKAEST B H BUNEIR AE 9 BFAE T /R . R 45 R H Ui
I T fdi ] Uncertainty_Loss 8] LA 42 - LA JE 9= 20 E1E: fE .

2 2 ffi ] Uncertainty_Loss 5% i A9 74 @l BT 5%

Table 2 Ablation study of the impact of using Uncertainty-Loss

Method Dice HD GDice
BL(DC_Loss) 0.4964 9.6944 0.8911
BL(Uncertainty_Loss) 0.5124 6.9852 0.9065
BL+MSAM(DC_Loss) 0.5531 6.4779 0.9078
BL+MSAM(Uncertainty_Loss) 0.5654 6.8345 0.9106




270

Computer Science TTHEMEI#  Vol. 52, No. 6,June 2025

.
.
4 B [ € SRy $ES HER
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G TSEALD
Fig. 8 Visualization examples with and without Uncertainty_Loss

in a baseline

(b)Ground Truth  (¢)BL+MSAM

(d) BL+MSAM

(a)Image

without Uncer- with Uncer-

tainty_Loss tainty_Loss
y_ y_

9 Pk E ) nnU-Net i 5 A8 | Uncertainty_Loss 8
AL 7 BB CHL - R D
Fig. 9 Visualization examples of using and not using

Uncertainty_lLoss in the improved nnU-Net

TS UE HM XA 43510 B8 1Y 5%, 7 BL 9 ZE Al b
WM HM, A 3 A w4, mk 3 Fral, min HM J5 .3
ZH TH X 265 A LU FE 2R W 4% Dice #8453 51 T 42 T1. 5 LB AIAH
Fe, B HM J5 , Dice #2571 3. 46% , HD F&AK T 1. 085 2 mm,
GDice 42 T 1.48% . LGE-MRI {4 5 ik 45 2% , 14 0 L
IR A RIAE 22 3] W i AR rh 2 B 2 S W 7 5% e, AT VR I HML T
DA w85 T4 A0 e B E DA T A IR T 25 5 1510 o R XK
TE A — 4L Rl AR 28 5Ll B 5] A MSAM Jf HL% i HM J5 (BL+
MSAM+HM), Dice $2 % T 3. 28%, HD F&X T 1. 603 8 mm,
GDice BEAX T 0. 04 %6 fH & H 55 — 4R B HM (1) 45 4
(BL+MSAM) #f Lt , Dice MM FEAL T 2. 39%, HD 3§ Jm T
1.6127mm, K TER LTG0 KH 4303 BL+MSAM K&
BL+MSAM-+ HM 43 B 45 R 347 1 rl WAL, Qi 10 fr s,
2T €6 1 Sk 3R 6F BG v 1 SRR DX L 4 £ 9 Sk R X EE AR
FYJEJR X B, BL RN EL R, MSAM Ron 2 REFEE N
Ridh, HM 7R B 5 B CE, BL+ MSAM #f I BL+ MSAM+
HM, JE IR 4 # 5 oe % . X ml e 2 i % B2k 4T HM R,
MSAM [ A {455 70 B8 25 5 v 28 30 %) Bb J32 5 %) DX 388, DA T 22
PRT X b B AR (E A A5 98 R A9 X 3k, BL + MSAM + Un-cer-

tainty_Loss fJ Dice 24 0. 5654, HD 24 6. 834 5 mm, GDice &
0.9106, ¥ HM J5 , % 4 fl B B 445 T Dice 24 0. 5729,
HD 4 6. 5944mm,GDice 4 0. 9114 (#8525 /3 EHE ¥ , Dice 42
7 0.75%, HD &K T 0. 240 1 mm, GDice 2% T 0. 08% .
AR HM 7R84 S T SRR AR 45 b & ¥ /B T (H 2 iy F AR 3¢
Y45 K bR ECRE B8 X AN i o 15 8 E AT AL U i HML J5 A2 280 4
ERE T 0 A BT TE L D AR B i M A 25 1 .
23 M HM B 5% 00 89 1 il AF 5

Table 3 Ablation study of the impact of using HM
Method Dice HD/mm GDice
BL 0.4964 9.6944 0.8911
BL+HM 0.5310 8.6092 0.9059
BL+MSAM 0.5531 6.4779 0.9078
BL+MSAM+ HM 0.5292 8.0906 0.9074
BL+MSAM-+ Uncertainty_Loss 0.5654 6.8345 0.9106
BL+MSAM-+ Uncertainty_Loss+ HM 0.5729 6.5944 0.9114

T RO fR RS 2R

(b)Ground Truth

(0)BL+MSAM (d) BL + MSAM +
HM

(a)Image

10 BL+MSAM 5 BL+MSAM-+HM # A] ¥4k 45 52 R 6
CHLF WU D
Fig. 10 Examples of visualization results of BL-+MSAM and
BL+MSAM+HM

4.4 ttbIEG

R T UG AE T B O v A O AR LK 5 S B 4% Atten-
tion U-Net'®’, 3D nnU-Net, ResU-Net"*! Fl H § i) — £ LA
JEIRL 43 1 W 4% Atrial]SQnet™®) , MDBAnet™" , TESSLA™ 1)
K MedSegDiffv2b? gk 17 b 88, Br & 52 % 45 3 34 7 LAScar-
QS+ + IR TESE LR N 4 i, NEFILIEL .5 At
tention U-Net, 3D nnU-Net Fil ResU-Net 41 I . B 48 77 e 1% K
Hb 2 5 T o0 UUAE BB JS SR IR (9 43 HDORS B Dice S SR TE T
14.68% . BIfliE H 75 45 19 3D 43 ¥4, nn U-Net, 7£ 4
F FLA 5 HA5 R AS R A BUIN SR B A A, e AR AR AR
WA EIAS BE . JEITE T UNet 291 90 45 4 32 B4 8 H AR 19
T RRAE T A ST 4R 09 7 1 RT L AE A K 22 RO IEHRCRAE 19
SEah bRl G o HE AR 008 AR PR TAT R 5 A T 3R I 1Y
it 1. BR MedSegDiff v2 (1 A4 B £ 77 AR 58, {5 & 16 BT A 1
A3 FIBETL e AR T S AR 43 FIRE B, Dice 24 0. 4216, 3% 1
Ui Y BB ROR 55 T LA JEIR 2 #TE 4% . 5 Atrial]SQuet,
TESSLA Fl MDBAnet iX 3 it J5 % 28 Bl A< SC BT 2 Oy it %
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R LA 598 Z 8] 09 25 8] 58 & . I H A SC T & 75 % Dice 43
BIIX 3 AT 2. 99%,4.39%,6.09% ., O LKL S
BB 3D WAL ZE AN 11 R, W LUE L AR SO 4R Y
T 18 105 RS T Hb TR S B A A R DR BE A 96 R L 96 U 4
T B a4 R 3 R L TE /D 6 R A S B R Ao T
P2 T B2 R 28 (Ground Truth) o M 48 SRS BE A5

%4 LAscarQS+ -+ i 4 [ 45 77 ¥ 5 B 45 1

Table 4 Segmentation results of cach method on LAscarQS+ +

validation set

Method Dice
BL 0.4964 0
Attention U-Net29] L5011 9.6543 0
3D nnU-Net!!3] L4841 11.7321  0.9011
0
0

HD/mm GDice
9.6944 L8911
L8965

0
0
MedSegDiff v2[32] 0.4216  17.6101 8811
Atrial]SQnet[6’ 0.5430 N/A 8980
MDBAnet"31] 0.5120 31.6700  N/A
ResU-Netl30] 0.4261  13.2583  0.8906
TESSLAL21] 0.5290 N/A N/A
Ours 0.5729  6.5944  0.9114

TE RN R 45 5 N/ A 7R B B CSCHR P %A 4D

2 - " e - )
L}\\.,/ ? D“\_ - —Q’L\‘\~ P » \-r/ b gy O
RNe ot vy o L &
Gy Ko e Y W
Ground Truth  MedSegDiff v2 Res U-Net 3D nnU-Net BL
ey S -—— - .~ S ”
P2 “,‘!’/ e S » \'T_/ ¥ ;"\\ 74
] 1 me O Y
W Y W & S
Attention U-Net MDBAnet TESSLA AtrialJSQnet Ours

B 11 &k ZE0 BHEIR 3D Al ik

Fig. 11 3D visualization of left atrial scar by each method

N T HE— B AS SCRT 4R J7 5 B0z AL BE U L TR LAscar-
QS+ + AL & X AR Jr AT T IRE O 5 SR G R AT
FeBE, sk 5 BT 40, 1 B F 3D nnU-Net, LASSNet, MDBA-
net, Bound-ary2Patches., Siping Zhou, TESSLA, Arega % J7
AR SO T Dice 20l #5851 8. 12%,5. 92%0,4. 22%
9.22%,1.92%,1.62%,0. 96 ., AH LT BL, A SCHT 4R J5 ¥
i Dice Al GDice 43 #2751 7. 64 % 1 0. 48% , AHH F X 1
i EH &I K Boundary-Focused nnU-Net Jy ¥, A SC T $8 7
P04 Dice #2751 0.94% . LIRSS SRULHT, A SCRT 2 07 15 43 )
PERE IR 5 T HLE R .

# 5 LAscarQS-+ +IilEF & £ F ik 4 #2451

Table 5 Segmentation results of various methods on LAscarQS—+ +

evaluation platform

Method Dice GDice

BL 0.5738  0.9078

3D nnU-Net!13] 0.5690  0.9083

LASSNetl4] 0.5910  0.9004
MDBAnet31] 0. 6080 N/A
Boundary2Patches[11] 0.5580 N/A
Boundary-Focused nnU-Net33) 0.6408 N/A

Siping Zhoul7 0.6310  0.9160
TESSLAL2L] 0.6340 N/A
Aregal34] 0.6406  0.9205

Ours 0.6502  0.9126

TE AL A e A 2R N/ A KR Bk CCHRk i B D .

4.5 B
4.5.1 #AZI AN MSM & &% 54

HTBIESIA MSM B g 2 75 43 5 8O R IE 17 30 26 bR
IR A SCEET BL BEAT 7528, SEERZS RN 6 frdl, BL Al
SRBHN 4. 458 X 107, Yl 4R it [6] 2 46 mins/100 epochs, i #
P A 30s. BL i MSM R . TR B 800 6. 691 X107,
Y5 B} ] 47 50 mins/100 epochs, #fEFEEEEF & 35s, MRS BL
AL BL+ MSM 142 $0RZ A7 TR A B0 386 0, {52 220 B I8
IR 73 E] Dice 7+ T 3.87% . HD 3§/ T 1. 0375 mm, GDice 2
T 0.91%, F kS A MSM &R 4711 .

F 6 MSM S5
Table 6 MSM parameter analysis

Method Params Dice HD/mm GDice
BL 4. 458 %107 0.4964 9.6944 0.8911
BL+ MSM 6.691107 0.5351 8.6569 0.9002

TE ML AL 45 5, Params 7n AT IR 2 80,

4.5.2 WBHEIEZFAMNH T RE AT X 69
AR SCE: T BL O @ 1 1 2y AL b ok 4 R T i Ak
A JR e K AL 4 R - S Ak in 4 SR J KAk 3 R O AT
TR AR MR 7 Y. ATLUE W R A2 R B AR A 0
P IR 4 HI R A,
7R ML R [ Ak 05 28 A e

Table 7 Comparison of different pooling methods in channel

attention
Method Dice HD/mm GDice
2R FH A 0.5306 8.6099 0.9013
A R &K 0.5272 8.7537 0.9007
ARTHUM+ LR EAAAN 0.5285 8.9716  0.9010

U ML 5 0K 25

GEWRIE AR T — AT 2 R & )L AR
FEEMUVR PR BE LA JEIR 4 B 4 i — B3R AT LA JE
IR ERE . . N TRAAAH LA 58 2 [ /N
S AR Ll A LA T R Sk 045 LA BE, 38 Hom A
LA JEIRYIAE R h . H Y 856 40 # B AR/ B RER — 1
FERL AT —A4 MSAM BLH, JF 6 JL 5] A nnU-Net () ) £5
Ab S TTRLFE 4 42 BB AR 2 ROE R AE A R R SUE B
MSAM 4 CAM 1 PAM 78 £ ]RUBEE FRAF (49 5Lk 1 3F — 2
R T ARRAE B HL A B R R (0 A5 T R 2 TORG f Hb R U3 B
INEIR . 53 AN I WL MR I 4 45 R L 8% Dice 1340 B R Y K
165 U R 46 vh BE AL 1 I LR E AT HML, 38 5 &R0 L B2
. BJE LR R ECR ] Dice Loss, Cross Entropy 1 Un-
certainty_Loss (W41 & » 38 i 2 R 25 i 72 vp 22 S ANl e M
B SR AGE A S YR R K e LA S R DU 9 B 5 A 19 43 B E AR 1
HERLRE ) . T S0 AN G LS 56 e B AR SO R IR TE 2 A
WM A BB AR

AR TR ik B AR & T 0 DUREBE 5 b YE IR 4 )
K B T FUKE9E R 4y #1453 S5 i s L B AR AR R 2 0 HM
T 3G 5 PR X LG BE A i 7 vp AT B 25 B i LGE-MRI iy — L6 4§
AE R B B AL T RE SRR UER AL MM X FE R, &
ST 2% LGE-MRI B 58 2% R X I8 i 17 HM, 8 2>
Ji L 3% 5 20 2004 5% ) 4 LR A B K, At T 0 LAE BE
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