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Parallel Magnetic Resonance Imaging Reconstruction Based on Multi-scale Feature

Fusion Preprocessing and Deep Sparse Networks

XUE Lei, DUAN Jizhong
(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650504, China)

Abstract: Magnetic resonance imaging (MRI) plays a crucial role in medical diagnosis, but prolonged
scanning times can cause patients discomfort and motion artifacts. Parallel imaging techniques and
compressed sensing theory indicate that undersampling k-space data can enhance the scanning speed,
where parallel MRI accelerates the imaging process by utilizing multiple receiving coils to simultaneously
acquire data from multiple channels. Leveraging its powerful feature extraction and pattern recognition
capabilities, deep learning demonstrates great potential in undersampled MRI reconstruction. To overcome
the limitations of existing technologies (e.g., the need for automatic calibration signals, reconstruction

instability) , this paper proposes an innovative reconstruction method aimed at efficiently and accurately
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reconstructing high-quality parallel MRI images from undersampled k-space data. The core framework of
this method is a deep sparse network that unfolds the iterative process of the iterative shrinkage-
thresholding algorithm (ISTA) for solving sparse models into a series of trainable layers within a deep
neural network framework. Additionally, this paper introduces an adaptive preprocessing module based on
multi-scale feature fusion, which further enhances the sparse representation capability of the network by
integrating standard convolutions with heterogeneous convolutional kernels. Experimental results
demonstrate that, compared to other advanced methods, the proposed method exhibits superior
reconstruction performance across multiple datasets, including higher peak signal-tonoise ratio (PSNR)
and structural similarity (SSIM), as well as lower high-frequency error norms.

Key words: parallel magnetic resonance imaging reconstruction; deep learning; convolutional neural

network (CNN); deep sparse network; multi-scale feature fusion
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Undersampled Input Output
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Fig.1 Network structure diagram of the proposed method
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25 [E) 40040

56k R T 5 4% B AU 31 (CoronalPD) S 4 R : TR=2 750 ms, TE=27 ms, TF=4, ¥ N 5 ¥
FN 0.49X0.44 mm® VIR R 3 mm,35~42 MY K, 54 Lot 158 B AR 15~76 4 ,BMI R
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I {1 {7 M L (Peak signal-tonoise ratio, PSNR)"™ 1 4% ¥4 # {8 75 45 % ( Structural similarity, SSIM)
TEVEA MR 47 8015 A 5 5 i AT B AMPE . PSNRNE T8 R 2% 22 i 4L, i SSIM I ¢ 1 T &
G EEHIME SRR B o Kk WS 48 AR 45 & T, AT LA 4 1T 7 of ot DA o A TR A0 R A, A 1R T R R 4G
BETERE S L AR S R B, ARG R LA RIE sh /. Bk, o8 T PR Ak 3 a5 i, A SO
PSNR Hl SSIM AE R WA 46 A, B0 s, W) 3R 7R 30 A o et bR A o b A0, SRy 0 o 4 T b D A1 8 A T 3, 340
TN T v AR AR 2 5 %k (High-frequency error norm , HFEN) "5 —1FA #6 b5 . 1ZITF M 4545 L 01E Tt &
A EMG 5 JE E R e A A0 R 22 5, BB 06 o 1 i i 7 PGk S RS BT B B HFEN Y
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X T AR S K G 2 FE # B o, PSNR &2 XA
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AP MSERR x5 2 Z MR %, max b 2 B RIZFEE
SSIM & XM
(2u,u;+ ¢ )(20,:+ c,)
SSIM = — : , , (18)
(4 i+ )l +06i4¢))
AP u, Su DNER G0, Ho. " DMNER G W I Z 0, . FBRa T2 ITE 50, M,
g H B, o 0,=0.01,¢,=0.03,
HFEN & A

| filter ( 2) — filter () ||
HFEN = s (19)
[ filter (x) Hz

2 filter () F7R — R0 R & Brok B 1 T4 5 BRI 2% .
3.3 ZWHER

¥ 42 0 7 ¥ DASC-Net 5 1% 45 0 # 80 1 LISPIRIT " L & 6 #IF Ji 2% 5 J7 ¥ (MICCAN'™
ISTA-Net+'#), Deep-SLR'?", Deepcomplex ®', DONet *', CGPD-CSNet ™) $E47 T L4 . 5256 v fifi
T A AN [ 0 Y T 55 RN B L O A S 8] A SR AR RS SR N 8 I R PEAR T axX 2 5 75 1Y OF- 48 PSNR
SSIM DA} HFEN,, S50 45 H B A5 76 3 1R 2 v, L opoRL R B T 3R 78 3 P 4T L O 1 7 45 A SR PR AR 2R
T K FF et PSNR .SSIM LA M HFEN {H .

F1 AEXKXFHFENX T CoronalPD LL K 77 A E E LI

Table 1 Quantitative comparison of comparison methods on CoronalPD under different undersampling modes

RRFE Jrik
B A L1SPIRIiT MICCAN ISTA-Net+ Deep-SLR Deepcomplex DONet CGPD-CSNet DASC-Net
. PSNR/dB  34.14 34.51 35.56 32.99 35.59 35.80 36.09 37.24
SSIM 0.894 0.908 0.918 0.873 0.910 0.913 0.928 0.937
HPRY HFEN 0.0373  0.0327 0.025 3 0.4200 0.0311  0.0300 0.0238 0.0175
. PSNR/dB  31.07 32.33 33.52 31.48 33.04 33.60 33.89 35.25
IDRU SSIM 0.826 0.861 0.881 0.826 0.856 0.864 0.889 0.909
HFEN 0.0554  0.0406 0.030 5 0.046 1 0.0397  0.0370 0.029 2 0.0215
v PSNR/dB  31.68 31.70 33.12 30.49 32.71 33.31 33.95 35.25
DU SSIM 0.849 0.864 0.886 0.841 0.866 0.878 0.901 0.915
HFEN 0.0559  0.0521 0.0417 0.062 4 0.0494  0.0446 0.037 3 0.028 5
PSNR/dB  27.91 29.97 30.35 28.32 29.61 30.69 30.69 32.81
> SSIM 0.745 0.814 0.826 0.762 0.792 0.814 0.839 0.875
oy HFEN 0.0904  0.0616 0.059 3 0.789 0 0.0715  0.0593 0.056 9 0.038 6
- PSNR/dB  36.18 36.67 37.48 35.49 37.25 37.50 38.14 38.71
SDRU SSIM 0.910 0.922 0.933 0.904 0.916 0.913 0.944 0.946
HFEN 0.0216  0.0198 0.0137 0.023 3 0.0227  0.0227 0.009 7 0.006 4
10 PSNR/dB  29.20 34.43 35.19 33.16 34.87 35.00 35.52 36.20
SDRU SSIM 0.805 0.890 0.904 0.857 0.867 0.869 0.910 0.915

HFEN 0.0712  0.0244 0.016 9 0.0331 0.029 6 0.0297 0.016 3 0.0118
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F2 AEARXRHEERXT SagittalPD Lb B F XM EELLE

Table 2 Quantitative comparison of comparison methods on SagittalPD under different undersampling modes

RAME ik
K A LISPIRIT MICCAN ISTA-Net+ Deep-SLR Deepcomplex DONet CGPD-CSNet DASC-Net
. PSNR/dB  34.84 34.51 36.98 35.78 36.89 37.31 37.87 38.81
IDRU SSIM 0.899 0.900 0.930 0.909 0.920 0.922 0.941 0.949
HFEN  0.0352 0.0354  0.0225 0.028 7 0.0259  0.0242  0.0197 0.0139
. PSNR/dB  31.69 32.50 34.82 33.44 34.34 34.93 35.49 36.26
SSIM 0.828 0.854 0.895 0.856 0.867 0.873 0.907 0.918
IDRU HFEN 00511 0.0431  0.0285 0.038 8 0.0355  0.0326  0.0268 0.020 6
4o PSNR/dB  33.06 33.71 35.02 34.24 35.22 35.74 36.10 37.49
DU SSIM 0.870 0.889 0.908 0.886 0.900 0.902 0.924 0.937
HFEN  0.0486 04200  0.0344 0.406 0 0.0355  0.0331  0.0301 0.0216
. PSNR/dB  28.68 29.56 31.00 30.15 30.77 31.71 32.01 33.25
SSIM 0.747 0.780 0.819 0.782 0.794 0.811 0.847 0.873
huy HFEN  0.0829 0.0702  0.0582 0.069 4 0.0641  0.0547  0.0521 0.041 2
PSNR/dB  37.19 37.87 38.91 37.69 38.43 38.43 39.40 39.96
ZISDT{U SSIM 0.921 0.937 0.945 0.945 0.926 0.926 0.952 0.956
HFEN  0.0172 0.0135  0.0095 0.017 7 0.0186  0.0189  0.0106 0.006 1
Lo PSNR/dB  29.91 35.15 36.54 35.30 36.02 36.20 36.75 37.46
SDRU SSIM 0.817 0.899 0.917 0.883 0.863 0.881 0.922 0.931
HFEN  0.0627 0.0257  0.0174 0.024 4 0.0251  0.0247  0.0171 0.0119

25 LR 7 BT A R FER A AF R, DASC-Net A o H At 7 2 ¥ S T B9 & /9 PSNR A1 SSIM 2
Th, A R AR A HFEN, Jt HJ& A8 — 4 R FERC 0 (40 IDRU AN 1DUU) T, HA4= TR SR o fin &8 3% . T AW
5, 78 CoronalPD ) 1IDUU R FE#E X F AF=5 1}, A48 T HoAth Jr i, $2 1 A9 DASC-Net 9745 PSNR
AR T T 4.90.2.84 .2.46 .4.49 .3.20 .2.12 F12.12 dB, I H. SSIM A4 T HiAth J7 B L ¥4 8 KR Tt

T A A S R A A R R B AN T A T B A R B B 2~T7 5 iR TR
BRILE 1IDUU(AF=5) .1IDRU(AF=5)fI1 2DRU(AF=10) F Ay E K4 5 E R 2=/ . MK a2
L AE WA T B4 T (T A RRAERL R LISPIRIT \MICCAN  ISTA-Net+ Deep-SLR ,Deep-
complex ,DONet,CGPD-CSNet J5 ik #) 7= A= T 8™ 5 1 h 3% | HA K o g i 25 i AR SCT 4 8 1
DASC-Net Jy 2 BE T 4G &4 A0 il 1 26 O 52 15 3 1 053 M HL 3230 B o0 UG i A 4 SR, Bl iR 22 T/
Ground truth  L1SPIRiIT MICCAN ISTA-Net+ Deep-SLR Deepcomplex

DONet  CGPD-CSNet DASC-Net

|
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Fig.2 Comparison of reconstructed images and error maps of various algorithms on CoronalPD under 5X 1DUU
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Ground truth  LISPIRIT MICCAN  ISTA-Net+ Deep -SLR  Deepcomplex ~ DONet CGPD-CSNet DASC-Net

5xIDRU  30.13dB  34.25dB 3592dB  3421dB  36.17dB  36.59dB 37.14dB  37.56 dB
K3 i 5% 1DRU XF CoronalPD #E 47 R SRk sk 45 B 26 114) T 782 Pl 4% R i 22 (&1 X6t

Fig.3 Comparison of reconstructed images and error maps of various algorithms on CoronalPD under 5X 1IDRU

Ground truth L1SPIRIT MICCAN DONet

ISTA-Net+ Deep-SLR Deepcomplex CGPD-CSNet DASC-Net

10x2DRU 27.97 dB 33.70 34.52 dB 33.39dB 34.00 dB 34.11 dB 34.92 dB 36.17 dB
FEl4 i 1045 2DRU Xf CoronalPD #E47 K SR Af i 45 5035 1) 21 2 R AN 22 [ X L

Fig.4 Comparison of reconstructed images and error maps of various algorithms on CoronalPD under 10X 2DRU

Ground truth  LISPIRiIT MICCAN  ISTA-Net+ Deep-SLR Deepcomplex =~ DONet  CGPD-CSNet DASC-Net

5x1DUU 2857dB  31.40dB  3255dB  3164dB  3244dB  3263dB  3368dB  3497dB
E5 i H 5F%5 1IDUU X Sagittal PD #E 47 2 SR AE B 45 530305 % 2 28 PRI R 2 (51 X e

Fig.5 Comparison of reconstructed images and error maps of various algorithms on SagittalPD under 5X 1DUU

Ground truth  LISPIRIT MICCAN  ISTA-Net+ Deep-SLR Deepcomplex = DONet CGPD-CSNet DASC-Net

5<IDRU  30.79dB  32.67dB  34.17dB  3326dB  3420dB 3453dB 3488dB 36.44 dB
K6 il 54 IDRU X SagittalPD #E 47 SR A I 48 5 1% A 5 48 PR 18 R 52 22 T X 1L

Fig.6 Comparison of reconstructed images and error maps of various algorithms on SagittalPD under 5X 1DRU
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1091
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Fig.7 Comparison of reconstructed images and error maps of various algorithms on SagittalPD under 10 X 2DRU
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Gt WEMEZES AT T rtestkr i, b TR BRI AR SCACER X R A0 9 B R 45 AR PSNR #E4T T K256 .
VA I 52 86 B KPS B8 4R < CoronalPD Ml SagittalPD ., 78 55 F 50 45 19 3 b R RAERE T, 0 BF
$2 77 DASC-Net 5 H Al 7 Foxf b 77 5 (9 PSNRAEHEAT T rtest b 5 . K40 25 S 158 3 MK 4 iR , £
H 3 B AC 2 DASC-Net 58 R4 L 75 1k rtest e B (0 PRSNGSR bl LAFE 1, 16 R A KR
FERECT ,DASC-Net J5 ik 5 HoAth 7 75 (1 PSNRAA 1Y -test K 56 PE /N F 0.05, X £ DASC-Net I ik
5 H A )y k7 A PSNRE P AFAE G i & k25 5%

%3 CoronalPD T PSNRHJ¢-test i I8 PEE R
Table 3 ¢-test P-value results of PSNR under CoronalPD

ok CoronalPD
1DRU 1DUU 2DRU

L1-SPIRiT 8.003 71le—34 1.781 08e —37 4.251 87e—25
MICCAN 3.623 5e—33 1.119 78e—37 3.995 28e—12
ISTA-Net+ 1.942 94e—14 8.400 95e—17 1.638 28e—05
Deep-SLR 8.363 02e—42 5.107 99e—37 6.205 74e— 26
Deepcomplex 1.090 63e—15 1.161 88e—20 2.029 31e—05
DONet 1.772 2e—11 1.049 72e—14 0.000 393 861

CGPD-CSNet 6.120 32e—08 1.408 34e—08 0.016 822 2

x4 SagittalPD T PSNR i t-test #6316 PE R
Table 4 ¢-test P-value results of PSNR under SagittalPD
SagittalPD
IR
1DRU 1DUU 2DRU

L1-SPIRIT 1.876 84e—32 1.095 19e—24 2.133 47e—28
MICCAN 2.788 07e— 34 2.380 04e—20 5.184 52e—14
ISTA-Net+ 1.475 46e—08 5.255 1le—10 0.000 270 199
Deep-SLR 2.239 51le—23 1.220 09¢e—16 1.991 82e—15
Deepcomplex 4.509 71e—11 8.180 81le—10 1.580 71e—08
DONet 4.292 59e—07 6.186 54e—06 5.392 24e—08

CGPD-CSNet 0.002 740 95 0.000 442 56 0.020 606 5
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3.4 HELEL
R TS UE AR SC T A 0 R R IR R X EE M BB 1Y 52 W, 7E CoronalPD 1Y 3 /% 1DRU 20 i

FTiH S50, SC 0 25 AL £ 5 h 8 Jo o Base Net R A7 DAP R MSFF () 357 9 %, (i IR W

JINALAR 25 s Base_Net w/o deep loss % 78 7F Base Net A4 3 fith_E 17 I8 Wi B in A 35t 2 5 4 il Y L, Ju &k

Wk E XN

1~

N 2
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2

é(/e)(¢(/c)(2f))_ Zz'

1 Nt Np

NN Nt Np le
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IR SATLLE W A EE s B L S B O (0 R W I B ERt O B A 1 PSNR 425 T 0.37 dB, ;X K iE
THE AT W B IR R A R

Np 1ru(
]: . | —

i

(20)

Loss=

Y Bk AR SCRT R I A9 DAP R MSFF X %5 RAEMARAEBIRER
AWM, & CoronalPD 1) 3£% IDRU L Table 5 Experimental results of deep supervised
AT A7 I S, ST A 46 AN 6 B R, Hod weighted loss ablation
Base Net+DAP R/ A M % i - DAP {H Syt IDRU (AF=3)

& f1 % MSFF, Base_Net--DAP-+MSFF % /& PSNR/dB SSIM  HFEN

SEA R4 N DAP fil MSFF. M35 6 1 LI F Base Net w/o deep loss 35.56 0.918 0.0253
O FERAR % A - DAP, % 4 i PSNR 4275 Dase Net o 0w 0l
T 0.55dB, #hn F MSFF,PSNR#F— 445 T
0.76 dB, B iE T 42 3 /9 DAP A1 MSFF i F&

K6 AEEBHERIEER

Table 6 Results of ablation experiments on different

B modules

Ak, ﬁTin“ DASC-Net H1 - [r] & 4 o IDRU (AF—3)
B B #ook & M BE 19 B2, 78 CoronalPD (1 3 4% PSNR  SSIM HFEN
1DRUA;1<#$;~£H<1_ Tz T RO 2 Base_Net 35.93  0.925 0.0241
ASALE] 14 WG 2. S0 2 B 8 . M Base_Net-+DAP 36.48  0.932 0.0225

Base Net+DAP+MSFF 37.24 0.937  0.017 5
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Table 7 Comparison of computational cost, params, and inference time for different methods

WIREN HEORA SRR /10° HE ZL ] /s
LISPIRIT — — 372.058
MICCAN 143.884 5.334 0.098

ISTA-Net+ 81.75 0.598 0.026
Deepcomplex 148.636 1.454 0.027
CGPD-CSNet 520.004 5.867 0.097

DASC-Net 917.754 7.622 0.198

N T S AE N Gl B R AR U B 9 R T USRI A i 2. T LA W e P S 4
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Fig.9 Training and validation loss curves
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