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Multi-modal MR image super-resolution with
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Abstract: Objective Image super-resolution (SR) is a sort of procedure that aims to reconstruct high resolution ( HR)
images from a given single or a set of low resolution (LR) images. This cost effective medical-related technique can improve
the spatial resolution of images in terms of image processing algorithms. However, most of medical image super-resolution
methods are focused on a single-modal super-resolution design. Current magnetic resonance imaging based ( MRI-based)

clinical applications, Multiple modalities are obtained by different parameter settings. In this case, a single modality super-
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resolution method cannot take advantage of the correlation information amongst multiple modalities, which limits the super-
resolution capability. In addition, most existing deep learning based ( DL-based) super-resolution models have constrained
of a number of trainable parameters, higher computational cost and memory storage in practice. To strengthen multi-modali-
ties correlation information for reconstruction, our research is focused on a lightweight DL model (i.e., residual dense
attention network) for multi-modal MR image super-resolution. Method A residual dense attention network is developed for
multi-modal MR image super-resolution. Our network is composed of three parts: 1) shallow feature extraction, 2) feature
refinement and 3) image reconstruction. Two of multi-modal MR images are input to the network after stacking. First, a
3 x 3 convolutional layer in the shallow feature extraction part is used to extract the initial feature maps in the low-resolu-
tion space. Next, the feature refinement part is mainly composed of several residual dense attention blocks. Each residual
dense attention block consists of a residual dense block and an efficient channel attention module. Third, dense connection
and local residual learning are adopted to improve the representation capability of the network in the residual dense block.
The efficient channel attention module is facilitated the network to adaptively identify the feature maps that are more crucial
for reconstruction. The outputs of all residual dense attention modules are stacked together and fed into two convolutional
layers. These convolution layers are employed to reduce the channels of the feature maps as well as for feature fusion. After
that, a global residual learning strategy is implemented to optimize the information flow further. The initial feature maps are
added to the last layer through a skip connection. Finally, the obtained low-resolution feature maps in the image reconstruc-
tion part are up-scaled to the high-resolution space by a sub-pixel convolutional layer. Additionally, two symmetric bran-
ches are used to reconstruct the super-resolution results of the different modalities. To reconstruct the residual maps of the
two modalities, each branch of them consists of two 3 X 3 convolutional layers. To obtain the final super-resolution results,
the residual maps are linked to the interpolated low-resolution images. The popular L1 loss is used to optimize the network
parameters. Result In the experiments, to verify the effectiveness of the proposed method, the MR images of two modalities
(i.e., Tl-weighted and T2-weighted) from the medical image computing and computer assisted intervention ( MICCAT)
brain tumor segmentation ( BraTS) 2019 are adopted. The original MRI scans are split and segmented into a training set, a
validation set and a testing set. To verify the effect of the multi-modal image super-resolution manner and the efficient chan-
nel attention module, two sets of ablation experiments are designed. The results show that these two of components can opti-
mize the super-resolution performance more. Furthermore, eight representative image super-resolution methods are used for
comparative analysis of performance in the experiments. Experimental results demonstrate that our method can improve
these reference methods in terms of both of the objective evaluation and visual quality. Specifically, our method can obtain
more competitive results as mentioned below: 1) when the up-scale factor is 2, the peak signal to noise ratio (PSNR) of
the T1-weighted and T2-weighted modalities improve by 0. 109 8 dB and 0. 415 5 dB, respectively; 2) when the up-scale
factor is 3, the PSNR of the T2-weighted modality improves by 0.295 9 dB while the T1-weight modality decreases by
0.064 6 dB; 3) when the up-scale factor is 4, the PSNR of the T1-weighted and T2-weighted modalities improve by
0.269 3 dB and 0. 042 9 dB, respectively. It is worth noting that our network has a more than 10 times reduction in terms
of network parameters compared to the popular reference method. Conclusion The correlation information of different
modalities between MR images is beneficial to image super-resolution. Our multi-modal MR image super-resolution method
can achieve high-quality super-resolution results of two modalities simultaneously in an integrated correlation information-
based network. It can obtain more competitive performance than the state-of-the-art super-resolution methods with a relative
lightweight model.

Key words: image super-resolution; multi-modal MR images; convolutional neural networks ( CNN) ; residual learning;

dense connection; attention mechanism; multi-modal information fusion
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9 10% , J7 kS PR S R

1 MExXIE

B BB 22 0 2% |y T 5 DR R R AR 4 5 Rk 1
AE , 75 UG 70 PR A X AN 3 () b 3R A5 T+
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resolution, CFSRCNN) ( Tian 45,2021 ) %, X&& | %
Ry 20 43 9 2o AR b 4 R AR B2 BOR N 120 BRAE
LR 5[] fp gt 47 , AT 1 RS IR AN ZRm (a]
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Fig. 1 The network architecture of the proposed multi-modal MR image super-resolution method

2.1.1 RIZFHESRIR

R EN L NI A UPR S EE S Al
MR MR BIEHESTE— BT, A — &P
KNN3 x 3 BB Z S BURJZ L, iz Rl 5%
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Fig.2 The architecture of the residual dense block (RDB) module
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Fig.3 The architecture of the efficient channel attention (ECA) module
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(T1 HNALEL T2 AnAL) |, I HL7E B4 B AR A AT —
AN AP 52) S T IRIE R RIGHE 1 T R RO )
ZEVERERY SR THE R, it 1 — N IO 2 T B AR
(R L5 v 44 NA-Net, | 3R T fl 5286 34 76 A1
] S g B AT IR, AN [RRCR IR 1 1Y % W3
W Ransk 1—38 3 Fron, T RUR B, 724 S HCR
HF(x2, x3, x4) T, 588 M % Full-Net 7£ PSNR
1 SSIM -8 A T X B — B2 ) 43 R
PR AR A R ASE 285 5 22 1) ) S IBR A JE %o e 53
R E AR A 1 1Y R R ) HL IR A fiff
W AT LA B T8 70 B3 o i, A B T AN i B 1
I8 BR L (15 0T SRAFHCAF BT RE . 5 B AR Y
& TER AR SR 52 iR AR X BE O B . 33X n] R e
H T X 28BS 18 TR B 50 /0N , S B0 v 2 ) ML A
W fg i M 245 £ s e 1R 1S BE 1R T

Fz1 BMKEFH <2 HHERIEER
Table 1 The results of ablation study when

upscale factor is x2

%l PSNR-T1/dB SSIM-TI PSNR-T2/dB SSIM-T2

T1-Net 40.4184  0.986 6 - -

T2-Net - - 39.6782 0.988 2
NA-Net 37.4902  0.9795 37.546 5  0.9827
Full-Net 42.7942 0.9904 41.4732  0.989 6

TE LR IR A TN R AR R, - 7 SR s Bl



$28E /55108 /2023F1 8

X033, RXH, A, BRRD / REREFENMESES MR BGESHIREE

F2 MKEFAH x3 WHREMEEER
Table 2 The results of ablation study when

upscale factor is x3

el PSNR-T1/dB SSIM-T1 PSNR-T2/dB SSIM-T2
T1-Net 34.5834  0.9673 - -
T2-Net - - 35.1879 0.9730
NA-Net 33.3236  0.9527 33.3085 0.9553
Full-Net 37.4982 0.9785  36.6943 0.976 2

T L P SRR S S R A2 2R — " Ron i il

R3 MKEFH x4 WHERMEEER
Table 3 The results of ablation study when

upscale factor is x4

iy PSNR-T1/dB SSIM-T1 PSNR-T2/dB SSIM-T2
T1-Net 32.8301 0.9521 - -
T2-Net - - 32.6644 0.9531
NA-Net 31.132 1 0.9236  31.0668 0.9239
Full-Net 34.770 0 0.9635 34.016 8 0.958 9

TE L TR IR S T R AR R, - 7 Fon s Bl

3.3 XfbkIw

TR UE AR SC T IR B M RE OB = R A v
(Bicubic) . LRTV ( Shi %,2015) . EDSR ( Lim %,
2017) .VDSR ( Kim %,2016a) . FSRCNN ( Dong 4§,
2016 ) . FAWDN ( Chen %,2020) . CFSRCNN ( Tian
%:,2021) A1 RDN( Zhang %,2018 ) 264 {0 £ 1 48
SRR IRATX L . AR UL, B A X E AR A
QIR 3 BT VR AR AE AR SO A B 4 L 43 I %F
T1 JACHT T2 JIAS PR A 2 20 A7 53 I 5, PR
BEXT B2 R PR RE

FA—R 6 H T ARRCKHEF T & #7521
BN EER, k4 WRIEH, R TR x2
B, AR SCOHT 30 T IR T2 JAS 6 A 25 48 4 ¢
KL PSNR #0A, LR T5 2 RDN 43 5142
77 0.109 8 dB F10.415 5 dB; AR L9 T1 Al
PR S S SSIM 5 RDN A A, 21 0 e i, T2
TARGER 2> R 45 R SSIM A e, 5 Y A9 RDN
FHLG, 25 T 0.000 4, HFR S AT LAE H BOKHE T
R x 3 I AR SO T AR 5 HE R 45 S 1)
PSNR Fil SSIM ¥ AR, 5 &%) RDN #H L, {53
R 0. 064 6 dB F10.000 3, T2 IIAL &% 4 53 5%
LA PSNR F1 SSIM W4 fARL , Lbk A RDN

I3 IR 0.295 9 dB F10.000 6, HiZ6 AILIAEH,
R TR x4 B, AR SCT5 36 T1 AT T2 JinA
PR S 2 R 45 () PSNR B o el , ek Al
J7% RDN 43475 0. 269 3 dB F10. 042 9 dB; AL
J7k Yy T INAEUG I 73 B2 245 R SSIM kAL,
5Lr) RDN A LG, FFET 0.000 4, T2 A K&
B R ZE AL SSIM Ry el , S5 IR A RDN #H b
P& T 0.000 9, SMAKE TR 3 BRI 7R, A
SOTE R BN 25 R B TR . S1E507
7% Bicubic M1 LRTV #H b, fL # e % W &, 5
Rk RDN Zh (1 3% B2 2 ] J57 32 AH 1L, 78 PSNR #i1 SSIM
4 MAREFH x2 BRRAEHEMTEMER

Table 4 Objective evaluation results of different

methods when upscale factor is x2

J7¥%:  PSNR-T1/dB SSIM-T1 PSNR-T2/dB SSIM-T2
Bicubic 34.775 1 0.976 3 33.9612 0.9714
LRTV 351396  0.9706  34.3628  0.966 0
EDSR 35.2451 0.9818 36.3944 0.9811
FSRCNN 41.2435 0.9889  37.3074 0.986 3
VDSR 36.8457 0.9843  36.6337 0.9829
FAWDN 38.5073 0.9864 37.9739 0.984 5
CFSRCNN  42.5594  0.9902 40.7549 0.988 9
RDN 42.6844  0.9904 41.0577  0.989 2
A 42.7942 0.9904 41.4732  0.989 6

TE I TR RIR &5 B o 4 53, R iR 3R & 5 R A
g}
x5 HMKEFA x3BAREAENERITMNER
Table 5 Objective evaluation results of different

methods when upscale factor is x3

JrEk PSNR-T1/dB SSIM-T1 PSNR-T2/dB SSIM-T2
Bicubic 32.186 6 0.9536  31.3384  0.9442
LRTV 330696  0.9577  32.2007  0.950 0
EDSR 31,9819  0.9616 33.1050  0.959 0
FSRCNN  36.2874  0.974 1  34.5343  0.969 4
VDSR 33.9688  0.968 1  33.5280  0.964 4
FAWDN 34.8628  0.9691  34.0920 0.963 8
CFSRCNN  37.1919  0.9779 36.1311 0.9742
RDN 37.5628 0.9788  36.3984 0.9756
AL 37.4982  0.9785  36.6943  0.976 2
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F6 HMABEFA x4 BAEFTEHNBERITFMNER
Table 6 Objective evaluation results of different

methods when upscale factor is x4

Jit%  PSNR-T1/dB SSIM-T1 PSNR-T2/dB SSIM-T2

Bicubic 30.3506  0.9278  29.5851 0.914 3
LRTV 30.7152  0.9349  29.9546 0.9233
EDSR 29.6456  0.9311 30.6657 0.928 3
FSRCNN  33.7318  0.9555  32.746 0. 949
VDSR 31.8128  0.9442  31.4115 0.9382
FAWDN 32,7359  0.9475 31.8622 0.938 1
CFSRCNN  34.7271  0.9631 33.5439 0.956 5
RDN 34.6987 0.9639  33.7475  0.958
A 34.77 0.9635 34.0168 0.9589
AR RN S S e R 5 R, F W& R R & 91 AR
£

Shr W R 50 5 RDN 7 m PR 3 i
(ARSI RGBT AR 0 22— ) | {H AR S o) 265 458
LS G E EAN

E 4—FE 6 sy HlER T SRR 7 4 F 07
D PR AR IR S 11702 T1 L
MR &, 565 2 172 T2 AU MR BHE ., X,
TR EGE T A REB R X8, A3
M7 AR S i AT LA G R R R 40 A5 R
W, B 4 R AR X, AT LA BRAS SO i fig
33 52 S (GT) B T i B AU, W=
UCARELTRAE T1 AU T2 JInA Y 3 2 UG s B2k
NGANTE B, HAb xS by kb, B SUR KA
RDN FI CFSRCNN X T1 JASURR 78 (14 6 43 S5 255 2R

B BAE T2 INEGEM HER R T 2 T —LE 4Ry
=

H.oh o

(a) ZHKE (b) M=K
e

(¢)LRTV (d) FSRCNN  (e) EDSR

(f) VDSR (g) CFSRCNN (h) FAWDN (i) RDN  (j) &

B4 JORH TN x 2 AR D7 35 i — 2L 0 R 4 SR 1R
Fig.4 A set of super-resolution results obtained by different methods when the scale factor is x2

((a) GT; (b) bicubic; (¢) LRTV; (d) FSRCNN; (e) EDSR; (f) VDSR; (g) CFSRCNN; (h) FAWDN; (i) RDN; (j) ours)

(a) ZHE (b)) =K (¢) LRTV  (d) FSRCNN

EisRES

-
(e) EDSR

(f) VDSR  (g) CFSRCNN (h) FAWDN (i) RDN () A

5 ORINT R x 3 A7 ik B — 24 FER 45 R K
Fig.5 A set of super-resolution results obtained by different methods when the scale factor is x3

((a) GT; (b) bicubic; (¢) LRTV; (d) FSRCNN; (e) EDSR; (f) VDSR; (g) CFSRCNN; (h) FAWDN; (i) RDN; (j) ours)

3.4 MEEBSHESIEITHEILLER

— BT, IO 5 AR TR AR ) A A T AR S
I 265 1) 2 5t B IE A 6, AR S 3 H AN ] 1) 4%
B AT G S B A 1 I 2% 1 S AR

K7 R T IRBE 4 > 6 Fe 7 s 1 I 28 A 76 2 8

i, AJLLF i, FSRCNN (Dong 45,2016 ) [H A f 4%
SRR TR A SRR D E A A Bt
REG TR WK, VDSR (Kim % ,2016a) 41 H &
AR (N R e S AR SO A
K, CFSRCNN( Tian 75,2021 ) 5A A& A K
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(@ ZFE& (b)) M=K
ek

(¢)LRTV (d) FSRCNN  (e) EDSR

@

(f) VDSR (g) CFSRCNN (h) FAWDN (i) RDN  (j) &3

Bl6 TR T x4 WEANIR T4 19— 2 70 B 4 SR A
Fig.6 A set of super-resolution results obtained by different methods when the scale factor is x4

((a) GT; (b) bicubic; (c¢) LRTV; (d) FSRCNN; (e) EDSR; (f) VDSR; (g) CFSRCNN; (h) FAWDN; (i) RDN; (j) ours)

SHCEHY B PR EREIR T A Xk, RDN
(Zhang 45,2018 ) (168 43 B 5% 5 4 Il & 5 AR SO vk
LT U S R A AR SO 0 17 15

600

507.387

] 223.08

82.852
0 0.128 6.647 I 14.95 13.274
D O S N

Bl 7 TR 3 B M 245 i Tl 2R 2
Fig.7 The numbers of trainable parameters of

different super-resolution networks

T HM T AR @ PeerikEd—
W LG 0 3438 47 ek ] (G 3K 200 28 UG
¥AE]) , nTLLE Y, M E 17T S S50 R
BUEAHSC K R, T 246 2, BAR FAWDN S 4L
EAKAHIBITI AR A 30O i 45 % F it
WIS, T2 W E# P E E &, RDN £Z
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A RDN 509 1716 247, 4 b, AR S5kl
DI SHUR BAR B TR A A 00 T 34548 R
PRI T HE R

4 & it

BT 2 IR PGl 20 B R T ik 2 ) B —

xR7 AEESPEREEE RIEE G EETEE
Table 7 The average running time of different super-

resolution networks for reconstructing a single image

WP BATETIA]/ms
EDSR 5.9
FSRCNN 1.5
VDSR 2.2
FAWDN 87.3
CFSRCNN 4.8
RDN 38.5
AR 2.3
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