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FEE T SR AE 87 U] A8 #t (non-subsampled shearlet transform, NSST)™ &, 53 #6 # J& JE # 2 Mg KR 4> e T 5.,
Horpr, Laplacian 4 85 A8 46 A FedF 09 &1L s NSCT F1 NSST HA VR ALV L 22 ) PEF0 45 m] 53 Pk 0 R A
W AT R A RN o TR SR A AT o AR A J o 0 T 244 ) i O DU R R A Rl 4 s AR AR AT 9 L
SR G HE F AR  RAS B 5 5 A R o ER 22 RUBE 5 5 5 B RO A 80i 3 22 1 RUBEE T BB A il 495 2R ) I
A AL BRRE T3 T B i/ i RUBE SORT BE Tk 58 8 0 08 B U A6 B 9 0 (5 2 . 9 A0 Bl SR XE DL S 22 Rl 24
AR RFAIE R AE D7 258 A VC T » B LA AR ) R 5 3 B Rl 65 SRS o — > A Bk AT 55

B AL o >0 7 2 I AN W T s LA A 3 sl s T e £ T 6 2% 2 1 R O 5 vk 0 R i A7 b 31 HL AR A T AR
KT . B 3 7R (sparse representations, SR) f JE 45 B AT A %7, Barba-] 25 AN #2007 —Fh 38 F 55 8K
Hermite 28 #t (discrete Hermite transformation, DHT) #l SR 1§ CT GHE YL ZHH)-SPECT B 1&gl & 7 i,
I B Hermite 2 0K CT K H SPECT &l 73 o #5050 F A T SRA% Falt 5 A0 D) 1135k e O (L 948 01 1) 15
FOOU AT B4 . 05 3 DHT 28 #4584 8115 . Chen 2 AN 32 T — Bl 56 798 3 51 5 08 I 4 15 2% &
RE BT 207 R R 3151 5 U8 (rolling guidance filter, RGT) ¥ 5 18118 5 itk i s 83U R AR 2 >3 53 - 7
Xof e 9 E 4 JH 3 T Laplacian 4 535 Hil SRCLP-SR) (4 J7 ¥ il 5 » XA 205 1 5% T B 42 1) il & B0 D) 5 I
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P B 5 TR RE 27 2] I PR e L A5 B Bl 22 M 2% (convolutional neural networks, CNN) 7E [$145 4k 2 45 5 45 3] T
7 R T LS T BB sk . ONIN AT L3R OB AR 9 L3 2 145, Liu 48 A0 CNN T B2 2 UG Rl s T
P Hf 3 T2 B 28 9 45 1 i — AU TR A SR R T Ok A IR IEMR R F S 3 {5 B . Wang % A CNN
HHTHEEUH Gabor #x 1y CT 1 MRT EG 0 BL A F7AE A5 2 o 7 BB #lt 28 1 4% (fuzzy neural networks,
FNNO 5 B AE il T A R A K% . Zhang %8 N7 4R T — AN AT A9 IR RS HE 4R TFCNN, %07 3 1l Tl &
2 RAAEEUR (LA A] WG EMR DL S S 2 B AR CNN A % 5 19 F¢ AE $E HURE I . B TR B2 S M Z S R 2
PG R 5 S AT LB O VR A B B R B AH A S A 7E — B8O 2 L 10 2 0 28 8 5 1 5 (RS AE BR B A S
S5 ) 1L

UTSEAESK , Transformer BERIAE [ A8 15 5 A0 BGOSR RCR . Transformer e #) 942 o2& T HL
7 AR, N [R) T B R TG FR A0 42 M 2% (recurrent neural networks, RNN), Transformer #i BRI 5E 4 BIEE N
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G NP T — Fh 3 F Transformer B9 2 R fl A HE 28 (multimodal medical image fusion via multiscale
adaptive transformer, MATR) [l T E¥E1% 54 . %1t T —f CNN 5 Transformer 454 1) B & N MW 45 T 3k
SBOAN [7i) 5 285 ) F) EL AN SCAR R+ i L 3 5 19 245 157 P 380 286400 % A= 90 400 I 160 R il 5 A 95 v o AT IO T AN i 9 808
Efege CNN AL T VIT BEERG 7k se i stk 2 BT SUFE R B R RRfe 1. 28,
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Fig. 1 Residual network block
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Fig. 2 Residual attention module
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FRA
X,=P(BX, ), (3)
Ho . X, BMaiEaH . X, N Y E R AR S E— 2% B 4% RABlock M4 IERBUS 2, P 3%
AN AL ERAE T S 2 RO AR R
Tl MRAUnet 45 B 47 A9 HRAE 4288 5 1 RE 1, 18 U BUGE K B9 A 2B 302080 /N RS A AR AE 2858 R kRIS 5
B SR 32 42 1) R A AT DR B2 T B IBURRAIE 350 % T A7 RS A8 D 14 [) B e o R %) R T Ofe B /DN RUBBE R AIE v 1 4 42
FEAE  ff A g g1 o0 3 2 T AL 3 g 5 2% 77 AR 1 22 RUBE A AIE A At 2 1) i A i R SRR Ol
Y, =BWY, HDOX,), (1)
Hp.y, REYSFZ05 .Y, RRLATE MR AR G2 20, X, RE T EENEB.B 5
St # PR R) 1 U A3 R FE . © 3R P2 (Concat BREO HAE L BI 24 1 )2 A5 EAT _FoRAE Z )5 5 Bk A% 1% e 1)
W PHEEE R T — 2 A
)i — RABlock (it N & F FE B A BN 64 4em9 2 RERE. N T 15 2] S K i a4 B 14
MRAUnet 3 15 FEAF 5 A4 A5 HORE 5 2 FRAE 5 AL Sy — 4 i B RSH 5 B AT A5 20 /& J5 09 0K B G, 45 & T Rk
1% #) Cb.Cr i i # # 8] RGB @] 25 i) B n] 3R A5 e 2 & 1% .
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Fig. 5 Schematic of RABlocks
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Tab.1 Comparison of RABlocks parameters

3 x 3T
3 x 3T
BN+Relu

3 x 3EFRAH
3 x 3B
BN+Relu

3 x 3E B
3 x 3B
BN+Relu

HiA it

RABblock [F5 [N ey BatchNorm 3 18 %
1 64 X256 X256 64 X256 X256 64
2 128 X128 X128 128X 128 X128 128
3 256 X64X64 256 X64X64 256
4 512X32X32 256 X 32X 32 512
5 512X64X64 128X 64 X 64 512
6 256 X128 X128 64 X128X128 256
7 128 X256 X256 64 X256 X256 128
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3.3 mKEH
Hi T B2 27 Rl B AT 55 B0 OS2 8Udl - B LA 28 IR A 400 2k sRBO0 TR S 4 R B R 2, R R R &
B ER R B R R R S5 R 5 B ARk B D RE MR R D RE (S B Rl -5 2 —& . Oy 1 By 1k 5 — Ak H A5l RE A R
B JRy BRAE A ST T A5 R 5 BOR B S A0 5 SR B 2 R AL B4 O R B AT SRR N
L m = al rerre T L e » (5
For o L 2 AR BRI L virnne HEEFIR 2 L s TR 10K 2o J2 S BB E R 700,
TS T RS R BB S A B Y o B SRS DR LR AR SCBROHE TR T AR AR B DR H bR R
PRI Ay fit ) PR 000 45 0 A5 JE, S B0 B JE RT3 % R A =F 5 T LA KT Ak 790 LA 88 10 265 4 AR AL 32 6 AT DA e R B IR B
oK A 70 PR B0 S AR R AE 25 A 402K BRI L e RN
L qrerore =1 = S(F s X yri) 5 (6)
Ho o F Ry W28 i X e R A BRI R, S C o ) Dy S g AU
FEUR Sy 7 fe R PR b ) IR 5 A ) 2 R AR S 0 SR O R MR B A T R AR B e BT T T A S
KPR B A H bR R K 0T ) BE PR A5 A0 i 751 T 4[] IR 3530 0 35 45 R AR G 201 2R BRI L et 75N
detai1:‘|F_(18.XMRl+y.Xfunc)H:;'V D
Horb s X TR DIREIER - 3 Ry 2 1 T 07 Rl 2 PRLAR o i o1 [ 5 1 ) B T 5 22 1) ) 15 8 9 8 2 ] i
S 6.0 Fl1 3.0,

4 XWHERSHM

4.1 SLBWHBASIEMIER

ARSI SR BB R — B AiF A Windows 10 (64 1) & 48 iy 1 5 AL, A {4 Bt % & AMD Ryzen 7 5800X,
NVIDIA GeForce RTX 3080Ti GPU H1 32 GB RAM, & T BailF 4% SCH8 H 7 1 (0 Rt L S2 06 3k I T 08 b 15 2
Be 2k I 4 Chttp://www. med. harvard. edu/aanlib/home. html) f1 fif MRI.PET & SPECT £ 20 X} 4E v il iz,
G R R AT 55 0E » i R 0 5 R ROSE 3412 256 X256 HL B8RS 1 I U

N T WA SCO7 EE AR R (8 T O AT B4R Sl 45 g 25 il 3 S 1k 1 O B AR R EE L 0 B2 CNIN 7 |
U2Fusion J7 #7% | REN-Nest 7 5" . EMFusion 77 %5 DSAGAN J 35 | NSST-PAPCNN J M|
CSMCA 771" (MATR J7 37" #il GDFusion J7 3k, bR B A 55 sk i B0 2 400 040 Sf U A1 B Sk

N TR A Bk R B A SRR ST BB 6 R R vk 4 o SDE U MITEY
VIFY (AG Qupe ' CSFUURNENSS S e BE A 45 B MR KA 3R Rl A VR BE RT3 2 45 T A R PRI IR AR Y
wH .

2 7 HITMIERAEER

Tab.2 Description of seven evaluation indicators

P AR it A P 8 AR it A
SD 5 T GAR AT ) R o 22 Qup/r 5 TR Bl P RE
MI ARG B GORTIR B R 0 A B A SF PG BE 23 A1 15 B0 LA 4 7% 2015 55 SR R
VIF HE TN S BE IR R Y AL 5 IR L EN VA Rl A PR R TR PR S A5 S
AG TR P S 268 AR R

4.2 MRI-PET @A & RxILE

R A 20 XK EE Y 3 4 MRI-PET @S AR 45 b A SO 5 IE 9 Mok iyl & 45 8 0 e an &l 6 fr
TN R T SEAF R R AT A B A R R R X SO FE A T M. BVSR UL TR IR ERREAE — o FE R RSB EE A H bR
B T4 A AR B B T IR R AR — R . BN, BT CNN B 5 A BRAR T fl & R R D BB 15 B o
L (75 A B T M DD BERRAEANTE M7 . U2F usion AJ AAR 474 8 7 ARG B B &K THr il f5 B . RFN-
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Nest,CSMA #l MATR 1K 3 8 B 47, {4 REN-Nest [ I G 40 15 F1 CSMA ) — %6 45 {4 40 5 75 2 o ¥,
EMFusion JGik 52 % M ff B DI RE A5 8. . 1 HLi 7= 2 T Bl 6 2k B . NSST-PAPCNN X Ty 6 1% 01 k119 b BEAR w4
Nl 5 IR EGAH LA B B R R K FL. 5 U2Fusion 28 {pl, DSAGAN I GDFusion i 3k # 41 145 B 1 fiE
JIA B SR A SCHE 9 MRAUnet J7 6 AR G 7 1 fl & R b B D) R 5 8 Fn 85 44 15 5L AT 3k A5 1
CR ORI ESE S

\
/ i
;é?{f ] ’.?"[r
ke 5 {& /;

|

NSST-PAPCNN DSAGAN GDFusion

Bl 6 MRI-PETREES EANFEZE5HEIMAENMAEERITL
Fig. 6 Comparisons with nine methods on MRI-PET fusion

MRI-PET @5 4F 55 E % WBTRIE O 45 5 Q3% 3 B 25 18 bR 945 23 1h 20 21 52 58 45 51 00 IV 438 b 19 F- 29 {H
%], MRAUnet 7£ AG il SF 975430 22 T NSST-PAPCNN,{HJ& AG FI SF ¥ J2 %F B =44 10 B 1 ik 1731
B TR A AR 5 B E AR DR B DR IR R B AE R B AT S S e AR bR AT FI . AHER . MRAUnet £ SD,
MIVIF \EN Fll Qupe HIWAG T H AL SE R FRAS 6 LA He ol LU B A SCHY 7 ¥R 206 B 00 7T UA 280t B
DR PR ) S SRR AE 1T EL P 1 IR 00 E AN B2 A5 B
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%3 MRI-PET @& E S8 EWITMEART
Tab.3 Quantitative comparison on MRI-PET fusion

i SD MI VIF AG EN Qupr SF
CNN 9.947 1 2.578 5 0.766 9 10. 968 4 6.101 9 0.651 9 0.136 4
UZ2Fusion 9.112 4 2.889 7 0.603 4 7.120 5 5.699 9 0.384 8 0.083 2
REN-Nest 10.318 0 3.385 6 0.907 2 11.133 8 5.867 7 0. 688 9 0.1357
EMFusion 10.195 5 3.018 2 0.696 9 9.7359 5.870 3 0.669 5 0.115 7
NSST-PAPCNN 10. 314 6 2.958 2 0.785 2 11.524 2 6.010 5 0. 666 3 0.142 3
DSAGAN 9.849 4 2.323 1 0.5327 9.101 4 5.483 9 0.465 8 0.111 2
CSMCA 9.878 4 2.560 9 0.708 7 10. 388 9 5.727 8 0.648 0 0.130 5
MATR 9.984 4 2.644 1 0.685 3 9.559 4 5.746 2 0.644 1 0.114 3
GDFusion 10.128 2 2.935 2 0.838 5 10. 291 4 5.983 7 0.681 3 0.130 6
MRAUnet 10. 360 7 3.453 1 0.928 3 11. 356 3 6.126 4 0.706 1 0.137 8

IR B 2R AR S 1 RHR B R TR HES A 2.
4.3 MRI-SPECT Bt & &5 R 3t bt

MRI-SPECT fl & 555 LA 5 E 9 Mhorik &85 L x b &l 7 s . AR ZE T A xt BHR R
AT R o WELEE BT DL & B U2Fusion . DSAGAN F1 GDFusion 75 ¥ B B4 (0 4 % KR & B0 1 45
BE L H AR B2 4 ) R 5 A A PR B RO 40 75 B2k . REN-Nest Al MATR 7ESh eI KR A % 4 N B @
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Fig.7 Comparisons with nine methods on MRI-SPECT fusion
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Tab. 4 Quantitative comparison on MRI-PET fusion

WiRiS SD MI VIF AG EN QAB/F SF
CNN 9.395 6 2.957 9 0.742 3 6.302 9 5.783 2 0.619 4 0.077 3
UZ2Fusion 8.531 5 2.701 6 0.085 2 4.118 3 4.848 8 0.397 2 0.051 6
REFN-Nest 9.505 5 3.483 9 0.890 5 6.094 5 5.298 0 0.6337 0.075 1
EMFusion 9.618 2 3.074 3 0.641 1 5.631 6 5.347 1 0.622 2 0.067 8
NSST-PAPCNN 9.526 6 3.0237 0.683 4 6.371 0 5.645 0 0.607 7 0.077 9
DSAGAN 9.637 7 2.634 3 0.542 6 7.567 2 5.678 5 0.506 5 0.091 4
CSMCA 9.359 1 2.901 3 0.727 0 5.980 0 5.336 8 0.618 5 0.074 5
MATR 9.2811 2.912 8 0.590 1 5.601 3 5.273 0 0.580 4 0.067 7
GDFusion 9.534 5 3.079 0 0.748 3 5.504 7 5.482 3 0. 607 6 0.067 9
MRAUnet 9. 560 4 3.555 6 0.919 7 6.375 5 5.755 2 0.651 4 0.077 2

T L BT RR 2 HER S 1 BRI BT RN TR HEA O 2.



%48 MIEWF ML REKREEE N Uner-Like W &t E ¥ B G B 6 F & 135

fifg 75 P 1% ek 4 L2 17 B PR B L& F 17 B PR B HTEHMFELSHTFEERE
B8 MARMMHMIBRER

Fig. 8 The results of ablation experiments on loss function
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Tab.5 Quantitative comparison on MRI-PET fusion

P 15 bR SR SERREH I = SRR Y
SD 10.351 7 10. 360 7 9.551 1 9.556 2
MI 3.376 9 3.453 1 3.5037 3.555 6
VIF 0.926 8 0.928 3 0.918 4 0.919 7
AG 11.103 0 11.356 3 6.148 2 6.347 1
EN 5.974 0 6.126 4 5.490 2 5.656 7

Qunr 0.693 0 0.706 1 0.638 1 0.651 4
SF 0.1310 0.137 8 0.073 9 0.077 2
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Tab. 6 Fusion time comparison of each method S
WiReS CNN U2Fusion REN-Nest EMFusion NSST-PAPCNN
SF- 47t ) 8.674 0 0.036 3 0.270 1 0.016 7 5.403 1
ViRrS DSAGAN CSMAC MATR GDFusion MRAUnet
SF- 24715t ) 0.049 8 87.941 0 0.986 0 0.033 5 0.208 5
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Multiscale Residual Attention Unet-Like Network for Medical Image Fusion

YANG Weiming, ZHANG Weihao, YU Lei
(College of Computer and Information Science, Chongqging Normal University, Chongqing 401331, China)

Abstract: Aiming at the difficulties of formulating fusion strategies and incomplete preservation of modal information in medical
image fusion tasks, a multi-scale residual attention Unet-Like network is proposed for medical image fusion, namely MRAUnet
(Multiscale Residual Attention Unet-like Network). Firstly, most traditional fusion algorithms cannot extract sufficient
complementary information from multimodal medical images. To enhance the feature extraction ability and stability of the model,
MRAUnet employs residual attention mechanism in the feature extraction processing. Secondly, the Unet structure has great
advantages in the semantic perception of medical images, and its U-shaped structure enables Unet to have stronger perception and
reuse capabilities for shallow simple features and deep abstract features. Therefore, MRAUnet adopts the Unet architecture to
enhance the semantic perception ability and feature reuse of the model, while the overall network adopts a multi-scale fashion for
feature processing to enhance the feature extraction ability of the Unet architecture. In addition, to capture more modal information,
a loss function based on structural information and detail information retention is designed to train MRAUnet. Finally, MRAUnet is
an end-to-end fusion network with no need to manually design fusion strategies. The proposed network can effectively capture the
shallow structural features and deep abstract features from the source image. effectively balancing the anatomical and functional
information in the fused image, while maintaining high clarity and displaying functional features such as element radiation and blood
flow. The experimental results on the Harvard Medical School Whole Brain Atlas dataset indicate that the MRAUnet has significant
improvements in both subjective and objective evaluation compared to some recent advanced algorithms, which has great advantages
in terms of VIF based on human visual fidelity, and MI based on feature retention and other metrics.

Keywords: Unet; residual attention mechanism; medical image fusion; multiscale feature
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