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MR F e N fedfe & B R G HRA TR, LR, BR AN BRASRSERA G F 0yl AusF RO ER
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CT/MR brain image fusion method via improved+Coupled dictionary learning

DONG Xia, WANG Lifang* , QIN/Rifile, GAO Yuan
( School of Computer Science and Control Engineering, North( Untvetsity of China, Taiyuan Shanxi 030051, China)

Abstract: The dictionary training process is time-corfSuming,) and it is difficult to obtain accurate sparse representation by
using a single dictionary to express brain medical images currently, which leads to the inefficiency of image fusion. In order to
solve the problems, a Computed Tomography<( &)/ Magnetic Resonance ( MR) brain image fusion method via improved
coupled dictionary learning was proposed. Firstly, the CT and MR images were regarded as the training set, and the coupled
CT and MR dictionary were obtained through joint dictionary training based on improved K-means-based Singular Value
Decomposition ( K-SVD) algorithm respectively. The atoms in CT and MR dictionary were regarded as the features of training
images, and the feature indicators of the dictionary atoms were calculated by the information entropy. Then, the atoms with the
smaller difference feature indicators were regarded as the common features, the rest of the atoms were considered as the
innovative features. A fusion dictionary was obtained by using the rule of “mean” and “choose-max” to fuse the common
features and innovative features of the CT and MR dictionary separately. Further more, the registered source images were
compiled into column vectors and subtracted the mean value. The accurate sparse representation coefficients were computed by
the Coeflicient Reuse Orthogonal Matching Pursuit ( CoefROMP) algorithm under the effect of the fusion dictionary, the sparse
representation coefficients and mean vector were fused by the rule of “2-norm max” and “weighted average” separately.
Finally, the fusion image was obtained via reconstruction. The experimental results show that, compared with three methods
based on multi-scale transform and three methods based on sparse representation, the image visual quality fused by the
proposed method outperforms on the brightness, sharpness and contrast, the mean value of the objective parameters such as
mutual information, the gradient based, the phase congruency based and the universal image quality indexes under three
groups of experimental conditions are 4. 1133, 0.7131, 0.4636 and 0.7625 respectively, the average time in the dictionary
learning phase under 10 experimental conditions is 5. 96 min. The proposed method can be used for clinical diagnosis and
assistant treatment.

Key words: medical image fusion; K-means-based Singular Value Decomposition ( K-SVD); Coefficient Reuse

Orthogonal Matching Pursuit ( CoefROMP) ; sparse representation; dictionary training
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FEBE 2R, PR A T ) R B LA T s H A R e S B
) L PR R R A TR T A 4317, LU X B HE AT TR IS W AR
STt o RN 15 B (A BB IR % rP TG ik 4R B, 51l
HEHLER BUA ( Computed Tomography, CT) RS AR Y
HEN, BA BRSNS PR, 3L IR IE (Magnetic
Resonance, MR) BB & AR B VAR LML JBE
WSR2 15 o I, % CT Al MR BRI MG S AHRES LA
RBCE 2T = B RAE B, T A I RSBl B A 7 AN
AR

LB R P T i = 2 AR Tl 5 U LU e S i S
FE£ R 0 Jr : 8 HU/D B 728 i ( Discrete Wavelet
Transform, DWT )™ | SF & /v 3% 25 % ( Stationary Wavelet
Transform, SWT)™ | XU & /N ¥ A8 % ( Dual-Tree Complex
Wavelet Transform, DTCWT) ™1 i 3% $1 #F 4 £ 3% ( Laplacian
Pyramid, LP)'®! 3k F R #f Contourlet 75 #: ( Non-Subsampled
Contourlet Transform, NSCT)!"' . ZFLZ R BRI KL
R4 b SRR ) S RHLE , 3 BT RERCRE R BRERE
SRR G TE , 3R ZEBOR D WA BRI E 88 Z R4
5 R, R EEOR Z W A R G R BCE B Rk, 7
PR B0 BRIUAR ) AR EL v B 2 A A A
B ARG A RIS LS FER ARG ILERR, S
PRGBS 2GR, R TFRBiF R kT ) AT E
BELA SR, IS T AR B A BOR . Yang 21 1 FHIT
BB A% A8 ( Discrete Cosine Transform, DCT) ZZ ML
FonTREMR I R ER” B Rl - 7 B R 8.\ DCT
FHE MR AF M, 5 T RE S, BRI A R
Aharon % 42 11 K 25 5 {& 43 # ( K-means-based Singular
Value Decomposition, K-SVD) & Fi T NI GRS HF I F
i, 5 DCT F RN I, 22 5T i SR — 7 B 3B N TR R Y
BT, BARBMRREE S, EINFRPEIAER
FR SRR A5 2 1 - BRAR O B B, B2 ] LSRR A
B RSV ASE R R ) B AR BUR BT T E 20
R 5 2 MR M B LR 30 CT R VR MR &
B MELUR BIRE 5 RO B 258 R 3K. Ophir 25070 42 H /N i 380
Z R, BV /NI X B A 4
P K-SVD BB R T A FHX NN TFFHR, ZREF
B RO T BRI ] M F IR RS &, Rt 2
ESAARRREMARF M LS HARRE, EEIEF
WP HBRRAT M, N7 X TR T R
ARHELUSEE IR AR B R s R IR B T )
AR R Yo & B HEFIRA R E AN EGRLE
FEMRERRIIRE . XF RN RA MO RERE SR A
ST S 5T, AR R K B W A A A 5 — A AR R (Joint
Sparsity Model-1, JSM-1) 32 femb& BRI A IAFERI& B 4%
fiE, BRI H S HERBRRAEIGR ., X kb TR X
BIREG A B 2T BB LU F AR E 2 R, o) UGB
BB RS R X FEX A& IR E R TFE I 4
T, B )RR, B R

EFXF_EARE, A SO — s T ER CT/MR B
REITE . NETRFRBFEARES X, & kT ek

3 S B T CT/MR BRI gRae , I Bk E i K-SVD
FHEBCAE g AR EIRES # CT FH4F MR 748, 4 A
[ 77 H5 & CT 71 MR LB B Eh & 7L, @& 7 LR
R E T CT A MR YR EREORFE , A — Rl 5
S AT LA R RN CT Al MR IR IEHR 15 20K o 0 7
B R B HW e BRI 23 6] T i ek Bt B9 K-SVD
BB A U2 T B A LR 2 3 o2 ) O R T T
S IINTEIR . &)n, RGBT BO R R 5 10 B 39 E
H3, X RRE T ERECRE B A BRI B, B
RARBRELE NGBS SRR G B R, LEER
FIARSCRE 5977 B 7 AL A1 A WS H AR A

| BEERRREHEET

iR B A RO A4 E R B R/ {5 55T
UFERNFRAFRTHRBELEAEG , SMAEHES
x eRF5 x WG RRSTLUHRN x = Do, KK
D =(d d,,,d,) e R"" B—NFH, BIMIIHEL
R'(i =1,2,,m) BF#HDKH—ITET, [ a c R" Z2F
A AT TR MG R R o BIHTET

min || e || (D
s.t. |x-Dali<e
Kb [ B MR BUK R L, WREER; |a|  XRHE
a PR IR M e TR VR 2 WIF R RI(1) sk

TERRBRR o, F 0D R AR5 SRR A 1S 7 L 1)
PR B B T R T2 T W i o S AT A
b T2 ST B 77 EE AT LASR R 5 SR B BE AN SR 1, 1 T 1R
B,

Bk, %%t (i = 1,2, Num) JE— & Num M
ARG, XA FFTIIFIEE N HEEX = (x,,%,,
e Xy,,) € ROV CEHEE ST BN X th Y —AFHD e
R™" X =DA A = (e, ,a,," ,ay,,) € R"" ERHHEHK
i oA AR M 1 7 2 ) Bk 2 oA J7 1] 5 (Method of
Optimal Directions, MOD) ") F1 K-SVD &g xwifhy
SRR B/ MERBE TR | X - DA || 7 %7,
Xof 7 A A TR RN

min | X - DA ||} (2)
s.t. Vi, llegllos7
KPS || - e R F G RMBA S A R GE,
MOD 1 K-SVD &2 i AU F Bk , 38 1 38 8 o PRAT 0 3 24 53 10
FHFEHX WAL RSB RR(2) I

2 REWBEFHREIMEBLTH

KO B A 2 R B A IS . SRR AL
M BZRE G YRG5 & T 2ok iR R R S AR
BIGAR LL , =2 R B IR BE AR 559 Xof bE BEAR S e R, (R
XHE ST & THIE AR FOR CT A1 MR B4R, & T
1, AR M RO B K-SVD IR BRA I ZR o AR SRR &
¥ CT 5740 MR 744, §E & 1 742 > BRAS S Rl st B 32
B CT 71 MR EREYFRAE , 485 T4 & 25 1B 3R Jr ik Bl CT
FHLFT MR 7S BN EL G L, B TR e TR RS T
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CT 1 MR ERIREAE , BT LA R B A - S 2 7S 3 W A 8 I 4
Rets 13 B BB T MR LR A R 50, DA H2 1= i 35 = 24 R {5
EHBR. ASCKHEE MR T YRS T > fE T/
MR &4 mt 4 J5 8 fai 12 2 ICDL ( Tmproved Coupled Dictionary
Learning) , 1 4 ICDL F ¥R

CTRAMRIJIZ; 1 B !
| ! . 7w
HETHEZ B T 3k
K—SVfoiga.iJllé}E | cTAMREEEGRE
i
A NCTHMRTE M BB
[ #|awm Foh || [ mLpaEg |

K1 ICDL JFEEmiif
Fig. 1 Flow chart of ICDL method
2.1 BHHBREFHRETS)

A ANYIGERE 8 MELEER CT F1 MR BI{&RT,
LRGSR A Bk R T A 2 TR, MV ZR4E
SRR B RS (XX B XS A (xf a7, 0x,) €
R Sy n ARPEN CT BRI R AR X" & (2 ,%;,
o,x) & RPESXERIA n A-RREH) MR ER 1 B4R
W ARIESCHR[ 18] FI[19], A SCHy Afn B TER & W FFAEZS 7]
TUIEPIAF D, DY e R™, (45 CT 1 MR Yk & e A
P FIER T R MR NHHRE R R A « R™E3 N

ICDL 87 e i
GRS T L2 3] R R AT 7R
min | X°-D°4||; + | X" -D"A|; (3)
DC DR A
s.t. JAlos7 |di =1, ||d|;=s1,VI<sisN

He A BXRX" (ERATRGIHED d; Fd; 53512 D FUDS
FHIFT RS i 5057 MGG A W HE

B2 JI%kE
Fig. 2 Training set

MERER
K3 ICDL ks olid i
Fig. 3 Dictionary leaming process of ICDL method

ASCHRRA F SLUI SR R e PE ) K-SVD B
BREFHEIAM B (3) PN AL E BN TR
B S H D DN A X RN AR AR AN T

min | X° - DA+ | X" - D (4)
st A, <7,AOM =0
A O RFEAT BIEMEEM HTE O AR, EXh
M={1Al =0 50 TWMRAG,) =0 M3, )) =15
W 0. HItk AOM = 0 fefl A P ETA BRI &5 AH
R

e (3

— D¢
b= (DR) (®)
MR R (4) 7T ASEM e/ Ry
min || X - D4 |}

s.t. A, s7,AOM =0 (7)
A7) WKL N TR RS EH SR,
B, REDUE R4 54 Dy 1 Dy SR #X(8) 3k

FHXS R A
A = argAmin | X -DA ||;

s.t. AOM =0 (8)
AN REGERE A HE—FIRAER TR AT, AR

FETREE, WA (8) LIS AH(9)

a; = argagnin | x;, - D, || 5 (9)
KD, 2 DXL A WIEFE L ENTFHE 0 ZAF TINIE
T 4o [ RE (9) o AR 40 FA 1F 22 VL AL 38 B3¢ ( Coefficient
Reuse Orthogonal Matching Pursuit, CoefROMP) & #:1"1 sk
i, AT AR B E R M B R B A

Hk Ae 7 RO BT B, (7)) BOPLARIRIE AT LAFe AL 2 2
(10) :

{D,A} = ar%r:lin |X -DA |
st AOM A0 (10)
W(10) @RS X

X -DA = IX- 3 da} =
| (X - ;Ejaf)Q(l om) —dia |5 =
IE, -d, a; || (11)

R :d, R TFHD PRFEFHNE £ a;, TR R B

A (955 kAT sm) FR AR MBS T RIAE o TIHE

TERAEEWOLE FERAEL ;- m) ZAGIT IR m; H i d R

BRIy d x n (OB 1 AOHERE , B AR L - m VT LA

AROBENE X - Y4, IR ENS kT S

AEF MRZHEE E, #H1T7HRESR(SVD) BIE, =
UAV' R U S —FE 78 D h iR T d,, g
W ARBUESA P o FHONEM VIIE—315A(1,1) 1
T o

BE B BT R AR ESAZ I WA B, AR
IR EA B -, B — X4 D¢ A1 DM i, i
FFREFHE RN EFFRABHERESZFWET LR,
R RN IRZE T /N B S ISR B R, FEFG B
WBHE, ZEIANGRERHBEABRIT—KERHER,
CoefROMP B L4 HIFIH B B B R m R 245 BT
AR, A TR P /5 B B sk s e,
2.2 @AeFH

HHIFE—AFIBE A CT F1 MR TH EG4IE 58, {fF
B HEE R RIRDE T R CT #0 MR B, % &3
2.1 7% CT f1 MR Y| kBB — XA T HMER T ER
FRIMR G R R 25, Bk CT A1 MR F2 890 R FAE A I
SR EUR ARIE , TGS A2 R kBl A- CT 0 MR 524531
BlA e,

B, 4 D DY e R™Y,L%(n) ML (n) (n =1,2,-,
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N) G5k CT A0 MR = U 55 n AR T IR AE R 5 - B
FHEER CT A1 MR 5 R %R T AR R — 47 By R TR) B i3
BRI ER, Ftmi# 2 1) — S EE SR IEM & B 5
EASSCER Y B ARRIEFR AR A 2K W R B /R4 A A, fiFF
R“HHRR” BNEEG FIERRAE 228N R FREA T
AR, R AR A R e F I RIS T
DF("’) =
D%(n), L(n) > I*¥n) E
| L%(n) —L¥(n) | /1 LS(n) +L¥(n) 1 = A
D%(n), L°(n) sIf(n) B (12)
| L%(n) —L¥(n) | /1 LS(n) +L¥(n) 1 = A
(D°(n) +D"(n))/2, HAth
A A =0.25,D; e R FoRBG 7L, BRI EERE
OB 8RR BB M VAR AR o X BT B
Bonzs WM A ER, B R T E ¥ EUR BT
BT RRERR R, BRI A 1L, B
LR .

3 ¥ CT/MR E# @4t
Rt LM ER I CT/MR IERR I I; <
Ry /81 4 S CT/MR BRI AR, Bla AT .
1) BTN B (5K N 1 W sh BB SR T, T, 4
Hm x m KRR, SR 5 IR 5 PR G AR,
m 4B 1 S F AR Lo T B (M — Jm + 1) (N -

Jm o+ 1) AR PR IR TR R R 5955 A B R 51
[ BT A, A, JFR 245 A IO H .

FHF A FRE T MK CT/MR BE8REF & 1725
v, =x, -m, -1 (13)
v =X, —m) -1 (14)

Ferb ol Rl S350 ], oy BT JCR MBME 1 R —A
411 m R AR,

2) FlA B CoefROMP 3517 SR X, 0% | I
BRFERRETERIT

a; = arg min || e | o
s.t. |* -Dpa|, < e (15)

@y = arg min || ||
s.t. | ¥ - Dea ||, < & (16)
Hr:De £l 2.2 PR MRS T

VR R B 1, AUERE A R AR 1 O KR I A, DA i
¥ o F o, LT I ELS AL

; {a/é, laell. = llagll.
& =4 (17)
dRa /E\:{’@
B mi, T mdy DA77 BNRLE
me = wem, + (1 —w) - mj (18)

Ht,w =1/(1 +exp( =B —my))) B > 0.3 x Flxp 1
A E RN
Xy = DN+ i - 1 (19)
3T ER B o X T I B R ER AT _E IR WA 2B IR LAAS
AR GBS RN TE M REE ©, B REH
R R B I A/m X /m (G BRI A [ B 7 B IR R
FHXMEEGRBEHEIARANREGRER I,

K4 & CT/MR EGmE
Fig. 4 Fusion of CT/MR brain images

4 EBERL AT

A SEEG R BT 2 32 4 Windows7 7 & 4, Matlab
R2013a.Intel i3-2350 2.3 GHz 43 £5 4 GB E2F 7N N
WA SO A RE , BB = 4 B 2 v ) I8 CT/ MR &
TR, 53 B10 IE R IEES CT/MR(E 5(a) (b)) JRiZE4s
CT/MR([E 6(a) (b)) JiififsE CT/MR(E 7(a) .(b)) ,El K
KN R 256 x 256, HEELAY X LB A B RN P AR #e
(DWT) P! SR/ A B (SWT) 1 T A4 Contourlet 45t
(NSCT) ") 5 45 5 F ik 5 5 K (9 9 B % /8 J7 ¥ ( Sparse
Representation “choose-Max” -based, SRM) " T K-SVD 11
ik 3 78 7 & ( Sparse Representation based on K-SVD,
SRK) " BtF £ ] FF S % 3] (7 1 ( Multi-scale Dictionary
Learning, MDL) 7,

ETFEREEGRPIFED T DWT F1 SWT ik, 4%
AR 3, /NBEHE 43 535 “ db6” F1“biorl. 17, NSCT 5

PAER 97" & FI IR P A A o—d” I IR I A%, S KT
Bk {28,2°,2° 2, EFWGERAN TSRS KN 1, E
1B AN 8 x 8, FHLA /NN 64 x256,ik % ¢ = 0.01, 7
BiE v = 6, ICDL 53k MGt K-SVD B3k, 3047 6 5
B35 W] ( Dictionary Update Cycles, DUC) 130 &4,

HE 5 ~7 A LIE W, DWT J7ik M REG B 400 4800
B BB BRE HAFEYN; 5 DWT F kAL, SWT 1
NSCT J7 i Mfl-& BUE AR BT , BRI 5 B X LGB 5 Wi B
B TIRAKRET (AL SR BER B, SR ZURIR A X I,
FAEE R ; SRM F1 SRK BT R EAREN T
2, BRI B TR 2L T8 g i , sy o Bnidlsb , BEfR
IR Rk X 38 MDL Jy ik 5 SRM 1 SRK Jr kA b, BB
HEZ WA ER , BRRRIRS H—5 0 EeE , BE 4
PARAEAE; AR SCIR Y (1 ICDL 5 Sk E R W i W L 3
BT EE AR 5O R R R AR T H AR v LA BRI A T,
B2 B BRI A SR R T 0, A BT E AR,
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R
(c)DWT

(f) SRM

(g) SRK (h) MDL (i) ICDL
Bl5 IEREERH CT/MR Bh-a 45 R
Fig. 5 CT/MR fusion results of normal brain

(c)DWT

(b) MR

(d) SWT (e) NSCT (f) SRM

(g) SRK (h) MDL (i) ICDL
El6 M4 CT/MR B4 455
Fig. 6 CT/MR fusion results of brain atrophy

(a)CT (b) MR (c)DWT

(d) SWT (e) NSCT (f) SRM

(2) SRK T (h) MDL (i) ICDL

Bl7 iRt CT/MR B4 455
Fig. 7 CT/MR fusion results of brain tumors

it — B WUEA SO B A R, B.45 B (Mutual
Information, MT) ™ ZEFHERF Q4" B TAHIf—3 0,
T30 R PR 4% R B4R Q.7 R X B & R AT % WL IR
HrMI R A EHR B BRI U {5 R B £ 240, SR
5 B EMLNELE B G5 R R 0" R BEl 4 KRR
B G RER AR B IR O, BB S E7E[0,1 ], B 1 /R
Bl BRI G BRE B ; Q, LRl G B R 2RI B8
fiE, s AN F 5 55 0, BRI A BGAE R B S DR IRFD
Xof Ho BE 75 T8 5 R AR B DGR, 75 B AL R L RHRE R o
£ 1~3 F=HLBWEMH T AR 780 Z W 5
¥o
R1 EEMMCT/MRBSEREELER
Tab. 1 Performance comparison of CT/MR fusion results of normal brain
[eidey PR
Fik MI QAP 0, Q.
DWT 2.6120  0.5445  0.2836  0.7098
SWT 2.6880  0.7307  0.4519  0.7427
NSCT  2.6277  0.7062  0.4542  0.7459
&5 SRM 3.0122  0.6986  0.4613  0.7504
3.
3.
4.

&

SRK 4351 0.7129 0.4687 0.7557
MDL 8501 0.7452 0.4601 0.7615
ICDL 0645 0.7682 0.4738 0.7796

72 [NESR CT/MR BAERERLER
Tab._2 APerformance comparison of CT/MR fusion results of brain atrophy
mha W TR
ik miI QAPF Q, Q.
DWT 3.6143 0.4809 0.2756 0.6845
SWT 3.6332 0.6311 0.4283 0.7055
NSCT 3.4966 0.6247 0.4266 0.7140
& 6 SRM 3.7492 0.6132 0.4141 0.7152
3.
4.
4.

&

SRK 8772 0.6259 0.4240 0.7233
MDL 1913 0.6404 0.4134 0.7103
ICDL 4398 0.6751 0.4397 0.7385

3 FEME CT/MR B& 4 Rt
Tab. 3 Performance comparison of CT/MR fusion results of brain tumors
Bha G RAEELRD
Wik MI QT 0, Q.
DWT 2.2467 0.4255 0.2952 0.6957
SWT 2.9572 0.5957 0.4258 0.7137
NSCT 3.1088 0.5715 0.4265 0.7209
7 SRM 3.3281 0.6132 0.4314 0.7105
3.
3.
3.

e

SRK 4485 0.6391 0.4471 0.7359
MDL 6381 0.6680 0.4650 0.7529
ICDL 8355 0.6960 0.4774 0.7694

MFE1~3 ALUEH,DWT J ¥4 MI.0"" .0, 71 0, 11
Wike s ¥ AR, FEER A EH/MNEBH AT AL
P GERERIBEZ J7 A P B s SWT A1 NSCT 7547 E 3R o

Ehn LB T DWT FEE2R T ENEATEBE AT,
SRM .SRK 1 MDL J5¥57E MI #845 LR TF =B K &
REZBM S, MAEEM=THEr EFE—SETERE
AT REVED, X FTREE B T M TR RN R LR R
FEERATE B [ TSI K 0 Rl & 300005 300 BRI
TRBE ARSI s 2238, A SCHR 1 i ICDL J5 3519 MILQM™
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Q, 1 Q, MM H5bRfE Bk = L8 &4 T M HES 5N
4.1133.,0.7131.0.463 61 0.7625, 5 A LRI ¥4 e 4
SCHR I ICDL J7 88 MIT 4555 _E (B, FHZ T 21 il
HREGARRBERNEBREE FTE 0 .0, MQ, =
T A b7 BBt B K, 32 B3 ICDL O 3 Xof P 45 15 P 7 Ak
PRELT , BRREA R ER R, H 2T —E.

R UEAR SCHE H ) 7 i3 3 75 B B B TR AR, 43 BB
AR M E GRS 5 2 0 F L% 3 Wy BAE M R 454 T k7 10
YRSLES BT T FR IS BT A9 F 294, SRK.MDL,CDL 1 ICDL J5 &
FyE B 2R ) 344 4% B 4. 61 min. 42. 59 min.81. 27 min
#15.96 min, SRK k7232 5 sl 45038 B 50 I8 A
REG RIS T7 4~ 8 x 8 B {§ 3k ; MDL 7 & () F L2 3 v
VIREAR S AR /B R 43 BIXTH A T HF R ELS T4~ 8 x 8 &
RH; £ 5 B3 & % B % X (Coupled Dictionary Leamning,
CDL) 7 ¥ A4 SCHE H 49 TCDL J vk 7 iy o ep I R B0 1
REME 2 BUIGREFARES TTXF 8 x 8 Y ERH, F XS Iy
Py i 39 05 ik BB A B2 2 BEFEA T 40 A0 o BRI ZRIEHR B R
T N x N RBN A KN n < /n Y SR B 5k SRK 7 8k
RIS 42 O(N°) sMDL J5 3k RIS 44 B 0((3S +
1)N) et S R Nk AR e (9 50 /K - 5 CDL J5 ik B st 1] 52 2%
BER O(N*) 32 R R 2 B8 et B3 % Wl 1 2 L2
MR ICDL Jr kR E 24 R O(N) | X By T L
B BB E S AR R R AR OB TR OE
AR HFSE A, R T AERE RO 4%, R (o A Bk & 2 2T H SR s,
— B T F S R R,

5 #iE
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