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Quantitative susceptibility reconstruction guided by a multi-scale T1-weighted image
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Abstract: Objective To improve the accuracy and structural consistency of quantitative susceptibility mapping (QSM)
reconstruction through a deep learning network guided by multi-scale T1-weighted image attention. Methods A multi-scale
T1-weighted attention-driven deep QSM network (T1w-ADQSM) was proposed to enhance the precision and structural
fidelity of single-orientation QSM reconstruction. The method incorporates structural features from T1-weighted images and
employs an attention module to guide the network to focus on the anatomical boundaries and key regions. Experimental
comparisons were conducted among T1w-ADQSM, truncated k-space division (TKD) method, morphology enabled dipole
inversion (MEDI) and QSMnet. Quantitative evaluations were performed using the metrics including high-frequency error
norm (HFEN), structural similarity index measure (SSIM), normalized root mean square error (NRMSE), and peak signal-to-
noise ratio (PSNR). Results In healthy volunteers, TIw-ADQSM achieved the highest PSNR (43.12+1.19) and the lowest
NRMSE (51.98+3.65) compared with TKD, MEDI, and QSMnet. TIw-ADQSM outperformed QSMnet across all the 4
quantitative metrics with statistically significant differences (P<0.05). Further validation based on the COSMOS reference
reconstructed from multi-orientation data showed that TIw-ADQSM exhibited better structural consistency than QSMnet, and
the reconstruction results were closer to the COSMOS reference. Conclusion The proposed multi-scale T1-weighted image
attention-driven deep learning reconstruction method improves the accuracy and structural consistency of QSM.

Keywords: quantitative susceptibility mapping; image reconstruction; deep learning

TE R R AR (QSM)BAJE— MR 2 K
BER . HhREALRFRAE R A R BT £/ 5|
BRI AL , E N Ff O X s i R A ) 32
ARG IRBEER . QSM FEERFIHIAE
LV BA AR TG, T AT LU i s AR B2
AW B , L REH B2 2 A PERE AL A %

Wo#m B H#1:2026-02-25

BB : WX A KRR ¥4 (82372079) 5] RA HRBH =54
(2024A1515010014,2023a1515110614)

Supported by National Natural Science Foundation of China (82372079).
YEE B A : IR A0 LA FT 4 |, E-mail: 2446601298@qq.com
WEESE D8, 14, 2042 , E-mail: foree@163.com

S IR /R 25 BRE

FERE TEREAL R E AR T AR T B e A )
SRS T ARG R E B R X — [ A SR A, X
AT AT FE ARG IR DR P 2 S BB 207 [ Rk
WAL R E )72 (COSMOS) " RT LUH i £ )7 [ R4 &
HARNI A AT R PR AR AZ ZRAE T [ A TRl (H X
PR A A 25 5 7= A8 sh D2 AR I R E
P . A TEik COSMOS 7k R AERRH , 54k
AIRFSE RS A JE T Z2 R )y Tn] QSM HL A5k . K45 [H]
T (TKD) " AEATUSIEA TR A% S 5 B H AR 4
S A " ) {1 AT (L TKD J7 12 B 6 4% LU e URR
5y e AR o /D 2 QR A iR Bk



http://www.j-smu.com

J South Med Univ, 2026, 46(9): 2258-2265

+ 2259 -

(ILSQR)" K i f 2% S e [l B A Ry eV die /N —3fe ok
fif , 55 TKD Jy iAH Fel DS Sy il e s fn s . B
A 3 (MEDD 5 i e S s A | A
ST EME R ET E B RS S AR .
HMEA A0 TE A S E TS B2 ARsE M 0T 50
MIRAPERE BT EA &, R ZHOE NI L 24
LU

FL G AT ) 352 A P BEAZ 1) TS B s A ) Ak
SRR RE  MTTREE 22 QSM E HAf >k TR,
A LA BT S AT AR . QSMnet 515
FEZ ML 3D U-net HESL I SZH M SR 47 21) d A b 3R Tl g e
B, AR T S sUthg MR iR 2% . DeepQSM Jif
)RR S e it | 2 e A ke i S P AR
1) 5 i AR PR AL AT AT R AR . I AMA A 2 R R
QSMnet+*' QSMGAN/Fl AutoQS™ 45 , #RAE — i Fi
B A T ORI T G A R . SR, AR
(R ZBOR 7 T ARG Jey B A 5 1, Bz XA 254
AL, 23 S BOH TR R R 22

ZASAS MRUEIE REAS A 28 S J8i [ R A5 1 1Y)
BN, AT TR AL AR i R AR e A LA R
e R T 1w MG EA 5523 (0] 4 5 R 4
IZEEURT LU EE , AT AR B A 25 48 i A5 2
W AR TR T 2 R T1w BURHE R 15 Y
TRBE 27 ) s G A2 5072 (T1w-ADQSM) , fEZ: i
3D U-net Z5# 5| AZ RS T1w BSA S 2 HA TR
IR, 5| 5 MR AR A A S AR ST A 20 B
OCEHEIX Bl

1 #RFT %
1.1 BB Fa b 22

AWFFEAS FH BB EE KR T Scientific Data )2y
¥ 219 SRMD Fi 4", 7 H P g I 12 1) i e i I
H RIS 2 ZE MR . T1w BURREER R
KT = 4E MPRAGE [7 41, HI S804 - Wi 58 5k
3T, HAE B4 2300 ms, [FI% A ] 4 2.98 ms, K%} H]
43900 ms, B FA R 90, 43 HER R 4% 1] Al 1 mm?,
QSM E G853 % 1l v = 4 MEGRE &8 4E , T 7
5N 3T, F AL IHA] A 53ms, BRI ] 4 9.42 ms, 3
RAE SN, B0 A7 R A 150, 25 () 23 BE3 R 0.5 mmx
0.5 mmx1.5 mm, A5 IR 57 18 2 1l i B
(565 24 [T I B PRUR , R HTILS QRS A T AL
A, ARAFRTR ) QSM UL EN JG 823 HT Hh 1 S 5 1
fERE,

34N, B8 FH SIEMENS R PR 14 fit b i B
138 T —41 2 5 1] QSM EidiE LA K X I i T1w B4 .
Tlw BUE RS BN W 3% 2 Ry 3T, 3 & B [E] 2
2300 ms, [F1J§ IHE] A 2.5 ms, 2 F5}E] 4 900 ms, B4

1B 82, 43 HE44H 0.8%0.8% 1 mm’, QSM Edi 442
R sk 3T, BHEG FA k150, F A BHE] R 50 ms, 3
FAE SANEE 4> 51 4.5.10.83.19.44.26.98 .34.52 ms,
YHER N1 mm* A& EEIR R . R4 EEEE
URBUAE SAARXS T =G 5 1) U] RN [FIE S )7
[f] (R AR 2 AR RS , 46 FH COSMOS 77 #:49.31) QSM &, i
TR FAR AR HE 1 B ) B AR
1.2 TIw-ADQSM M % %4

g R E @, T RS A% D
(k) FEARRN FH2230T 54,70 TR AT, 5 [ K I
= 2SR o T T Lw PG Wb ) fire ) 4 R i
i, T AR A A 2l 2 A, T HOR A IR 1A 5 BRI
IR Wang ZEPHE T AE U-net 926 Hh Jim AT
LR B R T 1w {5 B b it 51 5 M4
XFFREAREIR - o S5 RR BRI T 1w
Bl P25 5T A R AR, R T IR 5T, A A A 41
AT HEME . FEX — RIS - ARSI T Z2RE
T 1w RSk B DISESREE RIS, IR M2 SR oin AT
IIEHAHA TR

T1w-ADQSM (1 LS L5 A6 QL 1 s, 2 e 1A
K FZ ML) 3D U-net RIZE AL DURHS7EIE N
B IET AL RE Tlw UG LR el A . S
T ol SRS A, AL S 2 353 %3 45
RSO 32Ky, F—J2 0 2 f S
512, FF7E )2 (B A e R AL S T R . A XA
BB, B — Wi T 3x3%3 L RAE, Il IE KU 512 08
530 B R R AR, 20 i B B AE 3
1= I HLH AG BT A B 5 5 A s v i REAE
FIPHE, 2 P2 3x3x3 Bk, Gt 1x1x1
GHUE R RENR

P 1R T R R 22 RUBE T L w B8 b Pt
WK 2 7R . 4%, 48 FSL T B4 b i i B T L
(BET) 2= B AR Ak 41 21 B Ik R (T 1w _brain) JH:
Kb A AR S S (T 1w _brain_mask) . 3235, AHHRBUS )
NG PG A TR R U — AR A B, AR iR B85 R
AR BEA—E A5 B bR IR EZR (T1w_norm) . B
Jt 256 IR Sl 22 RUBE S G Aar D, S BRUI 20 2300
AR B E B RGN S (T1w _edge) . 7RI
Sefih b @ — A R S i G TR
DA SR s 25 A0 A ARAS Rl A BUR (T1w_fused) o fi
J&i . 18 B 3D Slicer # /4, ¥ T1w_edge, T1w_norm #ll
T1w_fused KIFCHE 2 X0 R 2R 2 [o] 35 g 3 UG L, 1531
3RS T1w IR

T1w-ADQSM [R5 (1451 2% PRELAT - Py FRABT AU 51 2K
PR TR R AR pREL (L1 loss) FIFE T AY IR



+ 2260 - J South Med Univ, 2026, 46(9): 2258-2265 http://www.j-smu.com

Input: local field

Input: T1w_fused
o Hl*ﬁ* o6

Conv+BN+Relu

| B Max pooling
' * I ' . Dcconvolution

. Feature concatenation

Bl 1 ASHRHE T1w-ADQSM J7 kA
Fig.1 Overview of the proposed T1w-ADQSM method.
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Fig.2 Generation of the attention gate (A) and multi-scale T1-weighted images (B).
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Tab. 1 Means and standard deviation of the quantitative
performance metrics for TIw-ADQSM with different Tlw data
types

Types HFEN (%) NRMSE (%)  PSNR SSIM

Tlw_norm 59.43+3.56  58.34+4.28 41.56+0.83 0.932+0.033

Tlw_edge 58.21+1.67 59.31+£3.43 39.82+1.06 0.928+0.024

Tlw_fused 56.69+2.96 57.76+£3.05 42.06+0.94 0.936+0.011
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Tab. 2 Means and standard deviation of the quantitative
performance metrics

Methods HFEN (%) NRMSE (%) PSNR SSIM

MEDI 62.39+4.69 79.36+7.03 37.16+0.88 0.952+0.016
TKD 59.23+4.18 69.49+530 39.25:0.97 0.914+0.023
QSMnet 57.47+3.28 58.89+3.14 41.39+1.05 0.931+0.008

T1w-ADQSM  56.6942.96 57.76+3.05 42.06+0.94 0.936+0.011
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Fig.3 Comparison of single-orientation QSM results from one volunteer using non-deep learning dipole deconvolution
methods (TKD and MEDI) and deep learning-based methods (QSMnet and T1w-ADQSM). The yellow arrows in the
figure indicate prominent differences between QSMnet and TIw-ADQSM.
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Fig.4 Axial view of the QSM map (first row) and the corresponding difference maps (second row) of the subject in Fig.3.

The last two rows show zoomed-in views. The red arrows indicate regions with obvious differences between QSMnet

and T1w-ADQSM.
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Fig.5 Comparison of single-orientation QSM reconstructions (QSMnet and T1w-ADQSM) with the
corresponding COSMOS results. In terms of reconstructed structural fidelity, TIw-ADQSM outperforms

the QSMnet method (red arrows).
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