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Unsupervised magnetic resonance imaging reconstruction based on
dual-domain N2N and attention mechanisms

DUAN Jizhong, CHEN Shengyi

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650504, China)

Abstract: To address the reliance of most deep learning methods for magnetic resonance ( MR) imaging ( MRI)
reconstruction on extensive fully-sampled datasets for training, this study proposes an unsupervised dual-domain
N2N network with attention mechanisms ( DN2NA) for parallel MRI reconstruction. The proposed DN2NA network
can directly reconstruct undersampled k-space data without requiring additional training data. Specifically, we
integrate complex-valued convolution and channel attention mechanism into the N2N framework to construct a
baseline unsupervised network N2NA. Two physical priors are incorporated to enhance the performance of the
frequency-domain (k-space) N2NA network, which is then cascaded with an image-domain N2NA network to form
the dual-domain DN2NA architecture. This combination effectively leverages the complementary advantages of
frequency-domain and image-domain networks. Given the absence of ground-truth references in practical scenarios,
an early-stopping strategy is adopted to prevent overfitting and improve stability. Experiments conducted on three
knee and brain datasets demonstrate that DN2NA achieves higher PSNR and SSIM, along with lower HFEN and
STD compared to existing unsupervised networks (IUNN and KUNN) , indicating superior reconstruction quality
and stability in repeated reconstructions. Furthermore, DN2NA exhibits comparable or better performance than the
supervised network MICCAN.
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Fig.6  Comparison of reconstruction results for four different networks on knee data using 2DPU with acceleration factor of 3
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Fig.7 Comparison of reconstruction results for four different networks on knee data using 1DRU with acceleration factor of 3
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Fig.8 Comparison of reconstruction results for four different networks on knee data using 2DRU with acceleration factor of 3
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Fig.9 Comparison of reconstruction results for four different networks on SIAT brain data using 2DPU with acceleration factor of 3
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Fig. 10 Comparison of reconstruction results for four different networks on NYU fastMRI brain data using 2DRU with acceleration factor of 3
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Tab.1 Evaluation metrics for knee reconstruction results of four different networks

- - AF =3 AF =5
PSNR T STD | SSIM 1 HFEN | PSNR 1 STD | SSIM T HFEN |

TUNN 34.338 7 0.751 0 0.909 4 0.161 8 31.052 7 1.056 2 0.841 4 0.263 8

S DPU KUNN 31.718 9 0.490 1 0.9120 0.156 7 29.971 6 0.997 4 0.848 2 0.208 8
DN2NA 35.4155 0.3317 0.9317 0.1329 33.770 3 0.141 6 0.882'5 0.183 6

MICCAN 34.257 5 — 0.928 2 0.159 6 30.576 8 — 0.880 0 0.202 4

TUNN 34.420 1 1.069 9 0.903 2 0.1318 32.910 0 0.760 9 0.865 6 0.1779

S DRU KUNN 34.3515 0.601 4 0.8915 0.1198 32.2328 0.469 8 0.830 4 0.183 0
DN2NA 36.574 6 0.037 3 0.9216 0.118 6 34.216 4 0.119 0 0.882°8 0.149 5

MICCAN 35.446 8 — 0.934 9 0.1112 35.177 0 — 0.905 8 0.150 6

IUNN 34.205 2 1.285 8 0.899 7 0.129 2 31.739 0 0.8122 0.847 8 0.232 4

RADU KUNN 35.209 0 0.437 2 0.896 1 0.097 0 32.550 2 0.478 4 0.8255 0.196 3
DN2NA 36.630 0 0.059 5 0.918 6 0.092 8 33.389 6 0.153 7 0.868 5 0.169 8

MICCAN 37.056 5 — 0.937 4 0.091 2 35.359 3 — 0.897 5 0.1579

TUNN 32.890 1 0.380 2 0.860 3 0.243 4 31.134 7 0.4619 0.818 6 0.336 5

I DRU KUNN 32.284 6 0.320 5 0.843 4 0.2453 30.3123 1.3320 0.792 8 0.356 3
DN2NA 33.155 7 0.073 2 0.876 9 0.234 9 31.229 2 0.056 4 0.819 7 0.350 7

MICCAN 33.049 2 — 0.891 2 [0

.2376 30.916 4 — 0.857 17 0.314 2
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Tab.2 Evaluation metrics for brain reconstruction results on SIAT dataset across four different networks

- N AF =3 AF =5
PSNR 1 STD | SSIM 1 HFEN | PSNR 1 STD | SSIM 1 HFEN |
TUNN 35.260 8 1.060 8 0.933 4 0.100 7 32.937 0 0.880 2 0.902 5 0.131 1
SDPU KUNN 35.982 8 0.604 2 0.934 4 0.091 3 33.379 3 0.757 8 0.901 1 0.120 1
DN2NA 36.578 2 0.138 4 0.947 0 0.090 5 33.867 3 0.160 1 0.924 6 0.131 6
MICCAN 35.0356 — 0.950 2 0.124 6 32.418 7 — 0.938 3 0.163 1
TUNN 35.206 6 1.3933 0.925 8 0.085 2 32.776 4 0.680 7 0.8742 0.093 2
SDRU KUNN 35.2253 0.1547 0.918 0 0.077 7 33.140 8 0.259 1 0.873 7 0.100 4
DN2NA 35.592 3 0.345 5 0.940 9 0.078 2 33.795 6 0.1840 0.901 7 0.099 2
MICCAN 37.116 7 — 0.964 8 0.083 7 35.029 2 — 0.951 0 0.1223
TUNN 35.667 0 2.161 9 0.923 8 0.084 7 31.689 2 0.682 0 0.874 1 0.116 4
RADU KUNN 35.8713 0.142°5 0.917 8 0.066 4 31.3222 0.687 5 0. 866 2 0.129 5
DN2NA 36.793 4 0.269 1 0.942 1 0.068 2 31.982 7 0.2250 0.907 4 0.130 2
MICCAN 38.097 1 — 0.965 4 0.075 1 32.776 9 — 0.929 4 0.153 2
IUNN 31.918 7 1.616 0.9152 0.169 1 29.296 7 0.818 3 0.860 6 0.298 6
I DRU KUNN 31.8127 1.134 0.8953 0.167 4 28.904 5 1.418 4 0.837 1 0.300 8
DN2NA 32.338 3 0.3417 0.918 8 0.166 1 29.304 2 0.384 0 0.850 0 0.328 0
MICCAN 28.721 4 — 0.921 8 0.2312 27.926 3 — 0.883 3 0.362 4

R3 4THAEMLETE NYU fastMRI X #iEE 2 £ RO MIsHR
Tab.3 Evaluation metrics for brain reconstruction results on NYU fastMRI dataset across four different networks

- i AF =3 AF =5
PSNR 1 STD | SSIM 1 HFEN | PSNR 1 STD | SSIM T HFEN |
TUNN 35.7813 0.3922 0.910 4 0.073 2 28.1379 0.317 3 0.8324 0.1427
- KUNN 36.017 5 0.108 3 0.918 2 0.068 8 33.553 3 0.3159 0.849 4 0.094 6
DN2NA 36.767 6 0.120 1 0.934 4 0.068 4 34.180 0 0.236 5 0.900 1 0.092 8
MICCAN 27.956 5 — 0.8220 0.2750 25.2410 — 0.741 8 0.4074
TUNN 35.403 7 0.403 4 0.899 9 0.075 1 33.105 5 0.557 0 0.838 3 0.105 4
SDRU KUNN 35.602 2 0.1255 0.891 0 0.074 1 32.777 3 0.148 3 0.816 8 0.097 3
DN2NA 36.233 2 0.098 0 0.902 8 0.073 6 33.669 5 0.074 7 0.845 6 0.097 0
MICCAN 34.8372 — 0.9355 0.149 9 32.8810 — 0.919 1 0.194 0
TUNN 35.482'5 0.594 2 0.901 5 0.069 9 32.938 5 0.263 8 0.828 7 0.099 9
RADU KUNN 35.523 1 0.088 9 0.8917 0.062 0 31.934 6 0.233 9 0.818 5 0.096 8
DN2NA 36.305 4 0.099 2 0.905 8 0.063 4 33.107 9 0.223 4 0.840 6 0.091 8
MICCAN 34.973 4 — 0.940 0 0.133 1 32.7105 — 0.918 2 0.205 1
TUNN 33.555 3 0.294 6 0.876 0 0.1232 31.592 3 0.426 1 0.8149 0.140 7
I DRU KUNN 32.867 3 0.3312 0.854 8 0.127 4 31.486 2 0.553 4 0.809 7 0.153 9
DN2NA 33.5852 0.076 2 0.869 6 0.1229 32.031 9 0.097 9 0.826 5 0.149 7
MICCAN 28.697 0 — 0.862 7 0.308 0 27.973 6 — 0.859 3 0.353 0

2.4 HEZI 2.4.1 KN2NAP %25 1 7 il 52 56
ST SR A R R e T3 TR AYH SPESTI TAER) KN2N W28 A T ZECE R A

RS HS M B I ALE] R AT R AL AL 1 R A



©152 - e NS B | A - =

557 %

JESF BB . XA R s T AR L
HIH RS, 2 P R AU -5 S5 5 (coil sensitivity
smoothness) | S & 7x, M 1 F ¥ J¢ 1 ( phase
smoothness ) H P £ 7/n, & F & B ( complex
convolution) i} C 78, # i# 1 & S HL# ( channel
attention mechanism) F| A 7~ 1A 4 5] i) B 2 45
S U WS L S 3 SR IEAE S TN Ta A S

F4 KN2NAP M HBLIHZER
Tab.4 Results of ablation experiments for KN2NAP network

Ik PSNR SSIM HFEN
KN2N 19.4671 0.7486 0.4796
KN2N +$ 29.3381 0.9172 0.178 1
KN2N +P 29.4251 0.9171 0.178 8
KN2N +S + P(KN2NP) 31.0224  0.9138 0.1632
KN2N + C 24.1742 0.8173 0.3907
KN2N + A 23.5102  0.8080 0.406 9
KN2N + C + A(KN2NA) 29.5486  0.8941 0.248 3
KN2N +C+A +S+P(KN2NAP) 31.7417 0.9298 0.1522

M 4 FTLUE Y, At 0 ek #R i ok 1 R0R
AR T, BRI £ P SR 32 2P 56 1R 32 S8 56 ¥ g
R UL BT 38 1 1 AL RN A B AR 2H
Gk TR Z T HE A ek R R A
DIMS B e I RCR
2.4.2 IN2NA [45YTH fil S50

SRR T AR 9 KN2NAP 9 26 A1 5] 9 02, % 7E
PR T AR R IN2N RO 25 rpofin AT 52 B30 AR 3 3
FERIIPUE], X IN2NA 253 T R JLAL I il
S, BECEF(complex convolution) H C 37, 18
HEHE S HL# ( channel attention mechanism) F] A 3
o IR AR E AR IR S, b R
S INTRYIEAR

Fz5 IN2NA MEHRSIEMER

Tab.5 Results of ablation experiments for IN2NA network

ik PSNR SSIM HFEN
IN2N 29.747 3 0.9022  0.2469
IN2N +C 33.1729 0.9048  0.2350
IN2N + A 33.351 4 0.9056  0.2281

IN2N + C + A(IN2NA) 34.663 0 0.930 9 0.1357

WEE e S T LUE Y, 5 506 BRI 1 2 1 hL
TR R TR ST, oS8 T S AL R
EETHEE 2 | [R1 B i A 2 8036 FEURN Sl 18 7 3 AL
AT LA B g 38U
2.4.3 DN2NA W% H 7 Rl SE 5K

VEFEK KN2NAP W45 F1 IN2NA W 45454585k

ZH ORI Y DN2NA W 28 iF — 25 32 T I 45 1 PR g
BE T A0 79 S 56 96 11F XU 9 45 A 3 s a ) Bk
) KN2NAP 4% b) BLAf Y IN2NA 2% c) IN2NA
2% T Y 45 B KN2NAP M 4% iF — 2 & 4,
d) KN2NAPI 45 114 5 4 45 5t IN2NA W) 2% iff — 2
W, LRITAARIEELS R IR 6, b Rl
SNESE S TN TRy EA NN

&R 6 DN2NA MZHBKBMER
Tab.6 Results of ablation experiments for DN2NA network

Ik PSNR SSIM HFEN
KN2NAP 31.7417 0.9298 0.1522
IN2NA 34.6630 0.9309 0.1357
IN2NA—KN2NAP 31.0397 0.9258 0.167 8

KN2NAP—IN2NA (DN2NA) 35.738 1 0.9317 0.1340
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