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i E AEFALFT MRIAGRE ST OB EREEFRBIFH > # %, PET/SPECT BRHEE T 4 T EREE
DNEBREHHAZE A, K eNAFTREA—AETEZNES, RESAAN T EERSCIRTAERER AL BEHfRE S
R, A, BET—FHAGETFEREE SN EA B %A M % (Subspace Attention-Siamese Auto-encoding Network, SSA-
SAEN) sk # 4 MRI # PET/SPECT B %P A & L0915 &, £ B aks M4 73R8 SSA-SAEN.SIANT § % M 4548 & 5
WA A A F R EE A BB, MRI 4= PET/SPECT BR 464 £ 5 3 A T4 /6 F B Z 485 3 ALk a9 45 42, B B 0% yﬁam
A ARIEZ A TG AESR B, Sb b, il i Ao R B BB A T BT AR B G 4 A i AT I AN AR A, B B A e AR BT AR B K T Am N
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%, iHﬂTifﬁ%lv;EL4&£k7f%7fﬂkbé‘J{t Kbk o A RO
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MRI and PET/SPECT Image Fusion Based on Subspace Feature Mutual Learning
ZHANG Ying,NIE Ren-can, MA Chao-zhen and YU Shi-shuang

School of Information Science and Engineering, Yunnan University, Kunming 650500, China

Abstract In medical imaging, MRI images provide detailed texture information and better resolution, while PET/SPECT images
retain molecular activity information and color function information, so fusing them is an important task. Most of the existing
methods have some problems in the fusion process,such as color distortion, blur and noise. Therefore,a new subspace attention-
siamese auto-encoding network(SSA-SAEN) is proposed to fully fuse meaningful information from MRI and PET/SPECT ima-
ges. SSA-SAEN is proposed in image fusion network,and the subspace feature mutual learning concept is introduced. By using
subspace attention module, MRI and PET/SPECT images can learn each other’s features, while reducing information redundancy
and ensuring efficient and complete feature extraction. In addition. the conditional probability model is used to complement and
fuse the extracted features,and the weighted fidelity gradient loss term is added into the training network to achieve the goal of
network optimization. A large number of qualitative and quantitative experiments on public datasets show that the proposed me-
thod can obtain a clear fused image, which demonstrates the superiority and effectiveness of the proposed method compared with
other advanced methods.

Keywords Subspace attention, Mutual learning, Neural network, MRI and PET/SPECT image fusion
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RSTFSEALWZ B AR (SPECT) 7] DU A i i A0 R A BR. A —-REBETREEI T ENEGRMEGHER. 2 RUE
LERER R, A ER AR, BGaA R ZBEMEE 2% (Multi-Scale Transform, MST) J7 ¥ 42 5 % I B9 14 58 J7
B AE ] — 5t P AR AR 1 22 R R T i B 2 R AME B AT R i, BT MST W5 B, o S8 A 0 55 e 1 10 000 % V5 8] 45 kA7
B S RN 2R RN P B A B A AR RS L R NEJRF*FE@%%:J/ft):%ﬁﬁﬁiﬁﬂ@%ﬂ%%ﬁw%ﬁﬁ%%%ﬁﬁ
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HF MST W77k, I J T 8 # Ay 52 7% #e (Discrete Cosine
Transform, DCT)E | 3 F B # /N i 28 i (Discrete Wavelet
Transform, DWT)! 5 T 73 7 7 5 43 f# (Laplacian Re-De-
composition, LRD)#E 48 | 3k F 4 F R AF 48 B I 48 # (Non-
Subsampled Contourlet Transform, NSCT) | 5 T XU# & /)
W 78 4t ( Dual-Tree Complex Wavelet Transform, DT-
CWDH, X SeF MST Y J5 i REAR 4f 08 7 ok 1 i 1B 1%
B0 (EL R o) MR 7 ) BRI S R 4 o 3 LR 5 SRS
S ARAE B T Wi S R, AN A AT IR AR R W
PR A J7 BB 81 G, B T 300 5000t Jok oo 5 it 22 T 4%
(Pulse-Coupled Neural Network, PCNN)' gt & 4% 0% f1dE F
K FE # B A #: ( Non-Subsampled Shearlet Transform,
NSST™ it )m M al & Wk i) Z S EERRA G 5%, b
WAL G BG RLG 7 1 o f st G N D i im0 2
Z PR Al AR S B b R H

VAR R IWT 2 T2 REEERGME . 514
GE M RE T AR L R A ] B Rl A ROR TS LU PRI 1
Mo TEREMIUER AR S TR 0y seiig b,
HF H B M L MW 4% (Convolutional Neural Networks,
CNND™T 3 F g Wi B % il & M 4% (Unified Unsupervised
Image Fusion Network, U2Fusion)™*? | % F 8 i 3 BF Hb 5] 4
#* (Proportional Maintenance of Gradient and Intensity, PM-
GD ™My Pk g5 — B gl A R 4%, LA R 3 056 51 % 4 1 A
JT BT B 2% (Dual Discriminator Conditional Generative Ad-
versarial Network, DDcGAN)U i @il & 77 5. SR T . A A i
B BEATEE = ER LA 1 R BRI R T BT W
FRAEEMER , 1R EET CNN 7 i tp 8 U R — 2 0 45
AR R EUG AL, 3 — $RAE 2 2 W 4% v i) 2 4045 A AR
Boo TEIA 3L F 45 Gk 2N 3G B0 45 (GAND T iy il &
J5 b B G R I ER AN R AL S — IR IR E S AL & B R D)
— IR AR R E A — 2 FE .

HAEGE BRI G TR R EZBREFTERGARE,
AR T — AR T T A R D 2R A A G 2% (Sub-
space Auto-encoding Network, SSA-
SAEN) . SSA-SAEN fi {5 $5{iE 27 ] FUEFAE il 94 348 i 3o
BT 2 8] 1 AL A 2R 2R B g B D0 265 R L 2 ) TR IRTAR
fiE s I8 A A 238 2 SO0 U PR AT AR AE AN R & . R AR
2 ) 4 i 3k F 25 18] 1 & J1 (Subspace Attention, SSA)H
2R A [ G i 9 26 A0 B . U EIA50GE 3 SSA B B A HL A > 4%
I VR SR AIE , SSA BB vl i 5 52 FH B 6 B IGURAE 2 A5 5 1
23 (8] 24055 R AR 2 O 58 43, 1 HL AR AS I8 / Me 7H AF B i T3
FRAE B A 50 43388 Sk A% 1 AR 23 A 0 U 4 TR B ) R A 0 — 1k
Ab BRI AR A A, IR R 45 6 A UL AMY LA R

2 MEXIE

2.1 F=EEFEEZEF(SSA)

Cheng SR T — #0725 ) 1 & 1 WL (SSA) A+ &
15 F5 M Tk SSA 25 BR VR BE R4 U A B 45 8L, B2 T i o
B AN A0 B R AFRAE . IR 1 TR . SSA BB 4 B A ¢
A BR AR R FRAE Az T 25 8] 36 i, T PRI R FIF 75 460 3]
S5 TFasl, WATRE X, . X, € RV CRIRPIAERAE, &A1)
& CNN (19 (A AR, BoA A R A R 5 3emkC14]h i

Attention-Siamese

SSA RIFI 2 . B A1 69 Conv-block FUHI T i B Wi 4> 5 U2 3%
F RN 45 )2 B60% BRI T 4 52 24 . 15, AL T
X, s Xo il K AN FE MLy v oo sve 1B v ERV(N=HW)
HAF T Fos A S 1 i SRR X B B LR as i),

Xi X
s T T
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: SHXIP<2C
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|
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|
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|

|
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| Basis vectors
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Module = HxW*K
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Fig. 1 Subspace attention module

2.1.1 =A@ E LR

B 5 R C RISy e RN S 73 2 i) 32 A B
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Ho, X0 X0 RoR BB RHIE .V 28758 o 2 1) 2 1 801 9 B
2.1.2 FTERZEY

GET LRERE VE RN AT LUK EHRRRE X, 8
A IE A MR RS,

i P.RN—>V.ZREESFEBMIERLEE. M P AL
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B4 — W EEE G A H B, 2825 E 2 BG4
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WA AT S T AR RN ALB K HAUE 4 B4 A A1 B Y i
FUREHY =X (4) fT R
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Hp ORRBEAMIEMN AT, F RHMAEZE, PA/B)
P(B/A) 5 BIRARSA A T B WA — L &R, sk PA/
B)+P(B/A)=1,

3 FREFENZEZLEBHBMLE (SSA-SAEN)

3.1 MEEH

AR S TR 4 R 3 F T A3 ) 2R R A G i 9 4% (SSA-
SAEN) , W&l 2 Fr 7 . 8 3 28 A F g 6 ) 2% 2 o U5 IR 1
Ak, 7] B 7E 4t B i i ok B b, S R R B DB (SSA) 1 &
INTE g — )2 B BUR Z )R B HE I 0% 79 e 5 T AR ) e AE S A
SSA {5 7 I B AR AR T2 2 B 0 14 F 25 )RR AE , DL 4R BT 5%
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3.2 METEHE
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Fig. 2 Subspace attention siamese auto-encoding network
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4 =H

FEARAT O T IR TR R A sk R el S
7 f J7 ¥ (NSCT, LRD, PCNN, ZL, DDCGAN, U2FUSION,
PMGD X 4 FhOR 6] 25 10 i) 22 488 X B 2 AR A7 58 M L
X T B BATTAI T A AT bR R TP A Rl A 25 R . XL
Bl 0 U A A B I e A R s A 3 3 A 4
o TINBHEAT T S BT L. B R AR
4.1 LIS

J TN FRATRERE T 74 XA [7) 28 70 A 5 o TR AR
{345 MR-T1 Ml PET .MR-T2 I PET .MR-T2 Il SPECT_Tec.
MR-T2 #l SPECT _TI, iX 6 E QU8 [ W4 b K2 &% K
TS I B RN Ry 256 % 256 1R %,

T % 4 PET/SPECT K&, i1\ RGB i 4, 25 [A] %
#e 3| YCBCR Hi (4 %5 A >k #EAT Rl & . & %6, B BT 32 0 1y
G RE %% MRI K E E {25 PET 5 SPECT El & 1
EEAR Y HITRA . BRESEMEA S RENRK
A RGBSR Y, B8R 6 ER7E YCBCR 25 [H]
Y 43 A5 B i A MR GG B R, 8RR 3

B s

B3 B s ) 5

4.2 TEMIERR

P A3 SR P 25 SR M LA v T A A AR R PR L IR
AT T D R AR AR AT & WAT AN . FRATERE 4 K
NG bR RAITALG Bl A 45 3R . #5455 B (Normalized Mutual
Information, NMD M 200 FH e i Y8 4% o 16 45 B0 JE A 4] 1% 4
NG A ER R . b B S5 F A LR 48 A5 QT L F R A R A
G A BUR 2  f25 /15 B R A5 B 1% 3 IR 70
QY VTN PR P A5 1] il PRGBS RS RO R B, ] DA
JH— >3 B 4% BT 45 20 (Universal Image Quality Index,
UIQD ™0 3 -t AS ) 7R 2 PR b & 0 2 Mg

4.3 HROW

T IEBIAR ST 0 R M, AT T 4 AR R Y
MRI/PET,MRI/SEPCT [& %% [E {5 %48 4 . M\ 38 5 il 26
IRy 10 X EE RS, RrE w W R E A EUR S8 H k¢
— XSS R AT AR I 2 /3 TR, Hib Ser1 fU
MR-T1/PET,Set-2 ft & MR-T1/PET, Set-3 ft % MR-T2/
SPECT_Tc,Set-4 f£2 MR-T2/SPECT_TI, Pl K A 3C 7 #: 1
AlA S5 AP R AR It A5 R a3k 1 BT A, AR SR 10
Xf AR 38 bR P MR 2 g,

ME 4 /] LLE A S i MRI/PET,, MRI/SEPCT 4
RS TR 26 B 1 G Rl TR) 8 L AR AR A AR W B 45 2R, AL
T NSCT F1 PCNN {4 @l & 25 R 2 A BB i 254 (5 B (0 [
X7 PET/SPECT &5 ) & 2 58 B (4 (0,75 HE R 43D . AH
S, LRD A LI B PET/SPECT FE 0 (% Uifigf5 B . H &
F3 MRI EIG 803 85 14 15 B 19 & 8 (40 6 07 HE il KB 40D .
ZL J7 352 2 MRI 40536 45 H B 7 (20 (6 J5 HE 2R ) » DDC-
GAN F1 PMGI ¥ 1 3L T 4075 &5 8 1) 5] 8, [7) B+ DDCGAN Fil
U2FUSION Wl G255 0 T B w48, B 4 7l LLE
BT 7 I AU O 5 A ARG r b B e L 0 HL A A
FEMBHL ., £ 1L 250 T AREEERA T ENE
T, R 1 AT LLE B BT 4R 77 ik fE B 3 h i A IR A 1

Fig. 3 Color space transformation AT AR,
R 1 AFE DL RE EUR % LT 48 bR
Table 1 Evaluation metrics of fused images for different methods
Inputs W M 48 AR Nsct Lrd Penn Z1 Ddcgan U2{usion Pmgi Ours
NMI 0.6295 0.5634 0.5222 0.8914 0.3832 0.5921 0.5624 0.9938
Set-1 Qy 0.8754 0.7817 0.6957 0.8656 0.1459 0.6247 0.2890 0.9514
Mr-T1/Pet QAB/F 0.7528 0.5919 0.6042 0.7800 0.3543 0.6400 0.3623 0.8092
uQl 0.5888 0.5341 0.4558 0.5819 0.0422 0.3319 0.1707 0.628 1
NMI 0.6510 0.6136 0.5824 0.8709 0.4427 0.6493 0.6214 1.0918
Set-2 Qy 0.8745 0.8083 0.6588 0.8671 0.1390 0.5725 0.3206 0.9722
Mr-T2/Pet QAB/F 0.7560 0. 6566 0.6028 0.7752 0.4241 0.6482 0.4334 0.8451
uQl 0.6114 0.5737 0.4317 0.6117 0.0265 0.2967 0.1773 0.6643
NMI 0.7389 0.7785 0.7207 0.9570 0.4988 0.7481 0.6907 1.0807
Set-3 Qy 0.8728 0.8736 0.8215 0.8655 0.1017 0.4483 0.2407 0.9358
Mr-T2/Spect_Te QAB/F 0.7602 0.7314 0.7357 0.7276 0.3591 0.6630 0.4620 0.7891
UQI 0.5471 0.5594 0.4995 0.5512 0.0207 0.2310 0.1361 0.5925
NMI 0.7450 0.7772 0.6527 0.8605 0.3521 0.6322 0.4987 1.1370
Setd Qy 0.9277 0.9091 0.8401 0.8376 0.0516 0.4170 0.0946 0.9828
Mr-T2/Spect_Ti QAB/F 0.8294 0.7923 0.7756 0.7031 0.2990 0.7102 0.3936 0.8939
uQl 0.5254 0.5179 0.4734 0.4730 0.0052 0.2187 0.0613 0.5548
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2 AFTr kA E R & WP 48 bR 4 fE

Table 2 Average evaluation metrics of fused images for different

methods
Metrics
Methods o
NMI Qy QAB/E uQl

NSCT 0.7092 0.8878 0.7787 0.5702
LRD 0.6915 0.844 6 0.6956 0.5493
PCNN 0.6297 0.7533 0.6812 0.466 6
ZL 0.906 7 0.864 1 0.7541 0.5595
DDCGAN 0.4201 0.1074 0.3506 0.0217
U2fusion 0.6547 0.5084 0.646 2 0.2655
PMGI 0.5999 0.2328 0.4137 0.1342
Ours 1.0776 0.9602 0.8355 0.6121

B4 IR B R G T O R ED
Fig.4 Test source images
MR 2 FE 5 n] LU 7R TR I A R g R R, 3R
AT EAE B A0 P s . R S5 2R R B %07
B HA BT R AR L T AR T vk

NSCT LRD PCNN ZL  DDCGAN U2fusion PMGI Ours

Set-2 Set-1

Set-3

Set-4

&5 AN J7 il R
Fig.5 Fused images of different methods

4.4 BEHH

T — R By A R BRI 52 xR 2k
SSA-SAENs dE# B2, RATLAE APk 8 R AT 7908, %
PEARTR Y v kY 2 SSA-SAENSs, LA /ML B 25 Lossssa saens »
PN TE Y Bl G AR ORI R AR G T B PR FE A

JE R 3 I TR A FEME v B AT kA RlE PERE
WA LB T UQL 24,78 y=0. 05 I, AT 7 ik 78 45 18
PR Y RESRAF R AER A AR . FUL L FERATA BT b, R 2
WPy 0,05,

# 3 BROITE AT 15 bR

Table 3 Average evaluation metrics of fused images for different

parameters
Parameters Metrics -
NMI Qy QAB/F uQlI
0.05(Ours) 1.0776 0.9602 0.8355 0.6121
0.10 1.0699 0.9599 0.8354 0.6123
0.15 1.0562 0.9601 0.8355 0.6128
0. 20 1.0538 0.9596 0.8351 0.6128
0.25 1.0480 0.9598 0.8340 0.6130

4.5 HELEXIE
R T S AE A SO b R BB A R L TR TR 4R Y
R BB DL, ik Lossssasaes 1B 46 — A R BRBEE B2 (Lo)
B RRAS , LA 7 6 8 i 2 Xof T 82 7 i iy s . KR 4 W LLE
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Table 4 Loss function ablation experiment

Metrics
Parameters
NMI Qy QAB/F uQl
No-L¢ 1.1007 0.9589 0.8354 0.6113
Ours 1.0776 0.9602 0.8355 0.6121
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PRI T Fil o VAR I 25 K L T 25 DRAIE T il P AR B 2095 1 8
FRATTUE PR LI AT AL A 455 T 3 VR AE (58 B 4
iE L B JR) B %oF LU JE R AIE L LIS S A (R AR R B H . A
ARG L IEAT T AR SCTT 5 B O vk B DR R E R A E
SCH AR T AR ST AR A A A O T A AR
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