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Medical image fusion based on hybrid edge preservation and
illumination saliency decision

Peng Tongbiao Tian Nili Pan Qing

(School of Information Engineering, Guangdong University of Technology,Guangzhou 510006, China)

Abstract: Multimodal medical image fusion is a computer-aided diagnostic technique designed to integrate effective
feature information from different modalities, serving clinical diagnosis and treatment. To address the deficiencies in
edge feature preservation and saliency energy perception in existing multimodal medical image fusion methods., this
paper proposes a medical image fusion algorithm based on hybrid multi-scale edge preservation and deep image prior-
guided illumination saliency decision. First, the truncated Huber filter (THF) is utilized to decompose the source
images into a saliency energy layer and a coarse-scale detail layer. Multi-level decomposition latent low-rank
representation (MDLatlLRR) is then applied to smooth the saliency energy layer and extract fine-scale detail layers.
Second, for the base layer, a fusion rule based on illumination map decision guided by deep image prior is used to
enhance the visual perception of the fused image. For complex scale edge detail layers, high-frequency nuclear energy
mapping is employed to calculate correction weights for fusing the detail layers. Finally, the fusion result is obtained by
linearly reconstructing the components. Experiments demonstrate that the proposed method outperforms other state-
of-the-art methods in terms of subjective visual quality. Moreover, it achieves average improvements of 6.42%,
16.33%, and 12.58% in the objective metrics Qw » Qp » and Qup,r » respectively.

Keywords: medical image fusion; truncated Huber filter; multi-level decomposition of latent low rank;illumination

saliency decision;high frequency kernel energy mapping
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WA ) 2R B 2 B Al & 7 1k B 46 2 T A8 e
B GHGARY RR FR B 2 2] ISR . ST 2 R AR
e 11 07 B A5 B NS 7 G MUK 10 40 (9 A 0 RS A5 7 R
AlASTRAR B T N . R LR O i S N AR
PR A N P AR TR AR R R RE RO Dk K
(nonsubsampled contourlet transformation, NSCT)™, X
U5 AR A BB A ek Rt AT 22 RUBE 4 i, Il
AR E R A S BE B A, RN, T oy ik
W SR FH 11 2 B9 28 A%, LR R [l 45 25 22 ) 45 B A Y 3
O T 4 i 0 A B S L o e R R O R Ak R DX B
o o A Ll B 22 5 45 K B B2 T A% i A o B L 0
201 T R B 0 55 AR A R A R £ A BE AR B, AT 5 i
B BB AERILT .

bR T AR BRI T 1L T IL AR P R U R 2 R AT R R
M DR EL A 0 A T B AR 0 A5 Y i S R R RE A B T 6
TE. B0, Pei %R FH 515 08 0K U8 R o0 b 45 4 15
JEFIANT SO L IR 8 A R0 R 4 538 R B R R E AT
AR . BORE TR — R B R T R AN A e
Z 9 kDX 3ok RS ) ) R o A% 8 T RE R B8 70 4%, B A
AR ENRE AL, Jie FURB ML TEZFHETN
il A SR 308 et 4R I 4 R 5 4 N A BOR B TR A TR
SR o T ) B 25 PR 1) i ik 0 A 22 2 I S R 1% 1%
L A LT X LUK B0 9 2 Ak 3 XK {F B, T R
SHURTRR A RS L

TR 2R 1907 53 5 1 45 0ot 52 4 e ST R AR
HA R AIE 22 3 L IR T Rl & 0000 % R S AT A1 A LA MR
PR . BREZCAR S B2 5 2 T SRR B 1) 0k 43 it ARG 5
FoRl A ES R A i R A IS N S a A R A i
SR 12 7 1 A6 AN TRIASE 25 14 R ek JR8 0 R 300 % 401 1 45 Dy 1l
AEAE— 7 Jy B o DU AR 25 0 52 2 miORT L B2 78 Ak Tl 21 Ay DX 4
ROMMERELNAERFAMIMS, Li &0 8H1HE 0K
BRI e A5 B AR R AT B R0 O 1 A P £ T L AR 7 T
X 3 3557 R R AR Ak Y G A7 AT B TG 1 v A 1 R AR b
B A R R A X A AR R

TREE 2% 2] 7 7 B A4 TR Rl A AU B T 3 K 1 4
IEHEHURE 7, K Bt 45455 0 8 1o A 2 B AR A R L
I, EMFusion"™ il VIF-Net"" 38 i A [\ J2 ¥k 4% i B9 B =X
PRI 2 B A RIS HISS A, 83 T e RN
455 DCIF-GAN" 2 1 T XUHE & 22 7 20 R & 50 i, TR 4b
T HUA AR O 4 I 2 R R L TR SO U R BOR
JE B R TR R () R B B AR K i A 2
2] J S LT T A ME LIRS o il B BR A R R R S 1 AR
3 X, FEE A S I RE R R AR A

B S o B R 2 TR Tl A O T8 AF FE 1 30 SRR AE A
PRI I 2 R e R B TR R AR SCAR M T — A TR A
FUBE 30 G AR B RINR B 15 500 56 L BE Bl 38 R O 17 I R il
AED, FEFFE LYY B i a3 THF Al MDLatLRR 1R A&

3 itk D B R PG 4 00 5 R 0 R 22 Ry 45 4 5 A BE Al =
Hp R T IR RE S DR SR O R A JZ AR R L DA R 3 R
SRR 5 40 R O 3 v AR R ISR T SR TE AU L S B
WMBMBLE. B S0k EA R & 0 A5 B Rl S 458

1 HXEE

1.1 # W Huber /&K

T AR A RULE B AR IR B X i PR R AT T
Wi Huber 48 i) o8 0 285 14 £~ 377 F 18 3% 3% (truncated Huber
filter, THF) &b #1, 8 52 8755 2 H0k 735 8 5 A [8] (04 7 1 1
Fi. B Huber 2851 BRI LA KRR N
h(z), |z |<a

b
a=5

Hrfra Fb 2 W8 a BIE AT LIS 2 Hb 4 i 2 A B A
1%, h (+) j& Huber fE57 %L 2 LANF

he(z) = { s.t.b<a (@D

1,
J %z , | = |<b
h(z) = (2)

b
|z =0
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WA, 1, AR R KA I e =86,0> 1, fEXFh
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{usu) = THF (I 1,)
u=1r—u
1.2 SESBEBEERBERT
WAL R R (LatLRR) 2N R~ 38 77 vk . 8
SIAWE 76 25 7] DL S B0 X0 B0 B & de dE s A, o=k (D
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{??J.E}Z Ll +XIEL,

(6)

7
s.t. X =XZ+LX +E

K.z BB RBOERE L N BRI E A
BRMETE AR || TSR A B T A E
A 4 TE AL S5

L2y i e AR Bk 2 28 (MDLatLRR) 7E LatLRR (%%
fithh it — 29 e 3 2 IR 3 5, 32 7 T % T A B i Ak B
Al 0 M A SO L A AL AN BT 1 BT .

D] =R(V7)

P(I) V=L*P(1) FRO)

Fl1 29000 il T 7 AR ok R B Y

Fig.1 MDLatLRR model

K (8 R T MDLatLRR 4 i I8 & 4 iy oof F2, H o
P(DF8EMG 5y B J5 19 5 ] 42t 55 R 56 [ 5 R (V) 52 fi IR Bk A
Y EE R R EG B, M D, ARREERE j REAR RS
W LRI B2 A RO )2, « BB,

B, =1
JV =Lx*xP),V =L *P(Bj,)
D), =RWV),B}, =RWV),j =[1,2,,]]
(8
1.3 ETREERGEUHNBEREREZERRE
VR FE K 1% e 56 (deep image prior, DIP) & —F#F F U
TE R Ji 45 R 465 2 N B AL IR 75 i A 30 B At 2 ) e
L ST 11 i TR A AR, 2 5t 22 vk AR I 5 S B R R AR
DIP By BEDLE A = BEM 28 S50 AR £ () y HUE
Z: % [ R AL FE T ROR A
é:argm{]inL(fg(z),y) 9)
il . DIP % H ¥ J71% 2% (mean square error, MSE){E
N[ By BARBIER L(f,(2)y) o FIERI A 40
e KA R s A Rl 2 M i v 5 T 52 JR 3 i A MR R
TS BUEG BUR T R 8 ORAE B2 B O A o
MSE it £ 51 AT Ly i 8ot 2k A8 A2 70 48 2% Crotal
variation, TV) XA B4 B W 35 AT 29 3R, an =X (10) iy

+ 168 -

Nea = 0.5 NFWHETHEF, v NERER 7, WDk
R A A AL I E 2 TR
L = Lys+L,+aly
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Fig. 2 DIP illumination significance decision graph generation model
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Fig. 3 Fusion algorithm framework
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4 THF 1 MDLatLRR Xf I K& #1750 . U B4R 40

{D,.,D,.1,—D,.1,—D,} = THF(,.I,) (1D
{Bi.,.{D},.}} = MDLatLRR(I, — D)) 12
{Bs..,,+{D},.,}} = MDLatLRR(I, — D) (13)

2.2 RBEMERSE
FEA R AL A IR E R T T R R A B L X s
KHEE B vl A RS T E S e, A TAE
T AR B Iz R 2 X e DR (B R W TE G I R T . BB
Ha‘x’ﬁu%m%féﬁliigﬂnﬂ%rnmﬂ%ﬂ’u@?%ﬂﬁ&kﬁa,Mﬁﬁ%ﬁt%ﬂ{
A EMG TR T R, ik, A SCHE 3T DIP R B 2 pe ok
B 5 1 G AR R i ity 23 40 o, AR A 2 AR 2R B 2 R IR
B AT IR B L, ORI B R IR A
Bi..(.j), DIP'(i,j) > DIP,(i,j)
FuGi,j) =
Bi,.(i,j), DIP!(i,j) < DIP,(i,j)
14)

. DIPS R DIPY 2ty BEHLME S 28 11 ¢ Fe ik AU 2R )

MR R,
2.3 EXREATERA
TE & 2% AR L 409 15 B0 3% 58 BT & 6 T o 0

R B OCH BRI . T RS B b B AR B A
AU B A0 AR ) S5 A8 5 2T AR AR L AR SO T — Rl
o A% RE W R 0 AA TE B 240 9 )2 e R0, B R S
BT .

AR 1) B A ROBE A0 )2 R B % RE
A AL T & S K A R0 D )5k
A TSR m X m /INKIR D, LR BURF g, 7 5
HHTT R BRI o re (o) 3278 MR /0N DX B A4 0] 42 &)
RGFET. |« . AT IR B, gk
BORSF R m iU =X (17D B 7R AR AR Ao il T 5 10 )
FRREEE 7 22 Vo BRI V.., FIARHEZE V., SEH0T 4

AiE B 35 R JE
Nu(D) = reC[| Do | ) (15)
Nby = Nu(Di..,,)» Np, = Nu(D3 ) (16)
ViV
m = 16 + tanh(2 X ————"“) an

Vm[
AR 2) K R v A% AR W AR U OE RS R BUE [
wy S REOMBS | FAN R EEE Fo .
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=X 1.2 18)
“ =y oy F €Y ‘

Fy = > (@\Di,, +iDi,) (19)

j=0

2.4 BEEBER

TRl I B2 A )R A AR QO LA G
EARMB R RANRA SR,

F=F,+F, (20)

3 XREERSN

3.1 LBEE

AR SC 5 FH W o 1 2 e 2 FF B 4 R B 4 3 b i 3 3¢
JAHY 11 Xt MRIQ-SPECT 1 £ #8525 M8 5 B0 9% 4 b 12 %
CT&.PET.8 Xf MR-T18& MR-T2 4 Jy il izt &1 4% 1k 17 *F Lt
BG4y HER N 256X 256, DIP M B R M s B T
o SRH 8 FhE RN F W B & 45 R a0 o BLAE B
Q)" VR FRE 22 (Qu) ™ VT Peilla (145 4 47 L
Qw7 VKA — b QoML 28 1A R (Quee) A L JEE
(COND S 29 88 B (Que ) R 25 44 35 Bl & 1k fiE B 4
(Quu) ™ s BT A 36 B3 B A 338 KX 7 T Al & v AR RO 32 7.

RIS UE TR S A shE AR SC S 7 R ek Rl A T
HEAT T HA, B dE AR T R A 5 8 U AF 4 (NSCT) L £ R A8
e (MSMG) ™ W B 184 5 7Y Gl A I 4% (EMFusion) HB &
RAE 2 2] (CFLOPY | 36 B 9K 8l X4 3 45 A 4% fi k0 4%
(CDDFuse)™™ B 1 22 43 31 2 AR F5 (XDoG) ™ Fl i 4% K B
R FL G (EgeFusion) ™, 5 il & B ke A 3= 0040 58 45 IR
W 4~7 i T8R4 TR LA EUR W PEAN 18 b1
BHEA B 1~5 B,

(a) MRIEZ (b) SPECTHEAS (c) FETFXFE (DBRE (o) 3F}n’2§iﬁgﬁ
R AT Az
(¢)NSCT

(a) MRI (b) SPECT IRl P 2%

(d) MSMG  (e) EMFusion

O BARHE (o) XIKWE) () P () JWRBRIE () ASCHIE
%3] MW ZHRFE  DERFF Loy (j) Proposed

(f) CFL SRR (h) XDoG (i) EgeFusion
(g) CDDFuse
B 4 FeRe e SR8 IR R 0 B B A 4

Fig. 4 The fusion results of brain images in Metastatic

Bronchogenic Carcinoma
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Fig.5 The fusion results of brain images in Alzheimer's disease
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(a)CT (b) PET © FETFREE (d) BRE (o) IEMBF Y5
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) EARHE (o) KEEIRZh (h) MES () BEBE () AXHB (c)NSCT ~ (d) MSMG  (e) EMFusion
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%3] Moy XHREE DGR FF WA (j) Proposed
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Fig. 6 The fusion results of brain images in Motor Neuron (2) (92) (h2) ) (i2) (2)

3.2 EiEkfEEELE & es.,
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S5 A b e R R
N - TS MET = # r) 3 by i A i) 1 j ¥
T SRR KR A SR G i, [ OB GRS O R e ) oy
AT SR BRI T # R e 3 SR A L TR 9 R 32 3 A (e GERE (RS R

(g) CDDFuse
29T 9% 1B &6 9% 9% 19 MRIR.SPECT. CT&.PET. MR-
TI&MR-T2 [ % fit & 7% O, o LA . MSMG A1 7 BEHREERAST CTEPET. MRT1EMRT2 i & 45 4

(=]
JRIRN i~ L e S ‘ig. “usi sults T & PET, MR-T1 & MR-T
CDDFuse 'ﬁ,ﬁ\bﬁ{iﬁﬁtkjﬁiﬁﬁﬁﬁiﬁ,@ﬁﬂﬁm Fig. 7 Fusion results of CT PET R-T1 R-T2
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in Abdominal Disease Dataset

F1 EBEISEED 11 MEEEBHNIERYSELR R (MRI&SPECT)

Table 1 Comparison of mean metrics for 11 pairs of fused images in Metastatic Bronchogenic Carcinoma (MRI & SPECT)

T5 ik Qur Qs Qv Q» Qsr CON Qs Qv
NSCT 2.789 60. 970 0. 870 0.473 17.105 149. 312 5.445 0. 640
MSMG 2.676 48. 559 0.713 0. 280 12. 817 83. 895 4.201 0. 446

EMFusion 3.062 55. 130 0.871 0. 621 14.128 102. 093 4.474 0. 642
CFL 2.786 65. 812 0. 849 0.421 18. 401 173. 054 5. 864 0. 605
CDDFuse 3. 050 65.716 0. 807 0. 397 17. 484 156. 052 5. 497 0. 585
XDoG 2.966 63. 838 0. 854 0. 482 17. 066 148. 967 5.511 0. 637
EgeFusion 2.163 63. 554 0. 682 0. 287 31.833 514.513 10. 967 0. 352
Proposed 3.539 66. 646 0. 871 0. 639 27. 857 390. 334 7.591 0. 682

Fx2 MRREHRED 11 T5EEEIIERBEL % (MRI&SPECT)

Table 2 Comparison of mean metrics for 11 pairs of fused images in Alzheimer’'s Disease (MRI & SPECT)

ik Qu Qso Qw Qr Qsr CON Qo Quap/r
NSCT 3. 390 62. 870 0.923 0. 584 22.129 247. 658 8. 185 0. 715
MSMG 2. 948 48. 566 0.722 0. 345 15. 408 120. 910 5. 728 0.442
EMFusion 3. 350 59.792 0.905 0. 629 18. 865 180. 188 6.778 0.703
CFL 3.171 65. 609 0. 900 0. 497 24. 821 311. 918 9.023 0.668
CDDFuse 3.422 67. 854 0.872 0. 439 23.057 269. 453 8. 165 0.658
XDoG 3.479 68. 315 0.913 0.596 23.405 276. 847 8. 622 0.722
EgeFusion 2.263 65. 154 0. 767 0.333 30.874 844. 677 9.582 0.432
Proposed 4.169 68.598 0.915 0. 629 31. 487 498. 715 9.332 0.736
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1

R3I EHHETHERFP 11X EE E KNSR ELEE (MRI&SPECT)
Table 3 Comparison of mean metrics for 11 pairs of fused images in Motor Neuron Disease (MRI & SPECT)

Tk Qi Qsp Qw Qr Qsr CON Qi Qanr
NSCT 3.118 59. 982 0. 906 0. 590 18.914 184.117 7.154 0.711
MSMG 2.426 41. 544 0.729 0. 279 15. 000 117. 246 5.459 0.479

EMFusion 3. 104 55.272 0. 904 0. 629 16. 486 139. 897 6. 158 0. 700
CFL 2.776 65.201 0. 890 0. 490 21.304 233.919 7.865 0. 648
CDDFuse 3.093 64. 714 0. 885 0. 497 19. 488 196. 490 7.205 0. 666
XDoG 3.205 62. 770 0.912 0.593 19. 271 191. 284 7.283 0. 706
EgeFusion 1. 880 63.171 0. 698 0. 268 34.992 738. 066 10. 467 0.332
Proposed 4.260 66. 104 0.919 0. 691 29.516 439.171 8.472 0.749
R4 EWMERP 12 MEEEKOERYELER(CT&PET)
Table 4 Comparison of mean metrics for 12 pairs of fused images in Abdominal Diseases (CT & PET)

Tk Qi Qsp Qw Qr Qsr CON Quc Qun/r
NSCT 3.531 61. 781 0.963 0. 580 30. 709 473. 786 8. 491 0.792
MSMG 2.691 32.705 0.658 0. 447 24. 960 312.795 5. 182 0.353

EMFusion 3. 340 55. 837 0.915 0. 428 32.635 535.254 8. 661 0.704
CFL 3.420 63.616 0. 960 0.572 30.911 480. 026 8. 660 0. 790
CDDFuse 3. 483 63.733 0.943 0. 558 30. 468 466. 265 8. 809 0.774
XDoG 3. 446 63. 467 0. 960 0.603 30. 812 476. 934 8.673 0. 801
EgeFusion 2.598 61.468 0.853 0. 352 44.613 1000. 197 14.019 0.534
Proposed 4. 094 64.221 0.971 0. 658 31.435 496. 596 8. 833 0. 827
R5 EMERRTSNMEEEKHERSELR(MR-TI&MR-T2)
Table 5 Comparison of mean metrics for 8 pairs of fused images in Abdominal Diseases (MR-T1 & MR-T2)

URES Qi Qv Qw Qr Qsr CON Quc Qs
NSCT 3. 384 52.472 0.801 0. 308 19. 058 183.679 7. 605 0. 529
MSMG 3. 146 48. 956 0. 790 0. 329 19. 338 189. 132 7.625 0.515

EMFusion 3.416 51.554 0.707 0.293 16. 560 138.582 6.471 0. 447
CFL 3.516 55. 383 0. 777 0.313 19. 003 183.114 7.672 0. 483
CDDFuse 3.445 67. 647 0. 767 0. 347 20. 882 241. 515 8. 540 0.514
XDoG 3.601 54. 982 0.798 0. 333 20. 570 213.954 8. 175 0.526
EgeFusion 2.634 55.673 0.628 0. 209 21. 074 854. 323 10.700 0. 307
Proposed 3.679 52.905 0.801 0. 399 21.077 183.919 7.421 0.572
WMEE, NSCT (25 MR e 4 FE 7 s BOL B . G g5 R Y E =T 5 TR EROR 5 2R 2 1)

P LUk 2% i3 B AR B . EMFusion . CFL #l XDoG %1k 7F
R BRI 25 BE B 45 R R 300 5 R Y R (ELAE SR DX S N 1 5
HAHR BRI 6 Hh B KM B J= 3 A2 Ak 51 A D B £ B AN
B TN U % . EgeFusion 7 40 1 ZUHL ) O/ B 15 3
SRR XSO0 AR, SR 100 B 7 (O AT B X T A 2
AE T 1Y 45 LU i) 23 e DA R i T B R L

N AR Bl 5 45 2R ) 5T B Al A A — 7 19 R R
S5 WAL 5 i AN LA b A A AT LSRR S [ O

MfE BB LS RE R AR ER L., £1~5
W8 TRRUBHEE T BT A fl & B A 07 B ml & P 6e B it
Horp e e o B, BB G R AL, X a8 Ry
IRAE T BCE A B FR RO L T LUS DL A5 IR

1) ACHE A MRIRQ.SPECT 1 = AN 15 22 S 4 4 (%%
oMk S A R DO B L3 Bl & ot ) B E AL
LA KRR DB R SORE . R EE Qu.
Qv Quw Qp N Qupr FEeAR LRI T M BE , BEME A 2L
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T # K
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