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Multi-modal Medical Image Fusion Based on Joint Patch Clustering of Adaptive Dictionary Learning

WANG Li-fang SHI Chao-yu LIN Su-zhen QIN Pin-le GAO Yuan
(The Key Laboratory of Biomedical Imaging and Imaging on Big Data,North University of China, Taiyuan 030051, China)

Abstract In view of the poor image reconstruction quality problem caused by a large amount of redundant information
existing in over complete adaptive dictionaries in medical image fusion, this paper proposed a multi-modal medical image
fusion method based on joint image patch clustering and adaptive dictionary learning. First, this method calculates the
Euclidean distance of image patches and reduces redundant image patches by comparing the cut-off threshold and the
minimum distance of image patches. Then,it extracts the local gradient information of image patches as the clustering
center by local regression weight of steering kernel (SKR) ,and combines the two different modal image patches with
the same local gradient information for image patch clustering. On the basis of joint image patch clustering,it uses the
improved K-SVD algorithm to train the clusters formed by image patch clustering to get sub-dictionaries, and merges
the sub-dictionaries into an adaptive dictionary. Finally, the sparse representation coefficients can be obtained by the
orthogonal matching tracking algorithm (OMP) and the adaptive dictionary,and they are fused with the rule of “2-norm
max”. Through the reconstruction, this paper obtained the fused image. Compared with two methods based on multi-
scale transform and six methods based on sparse representation, experimental results show that the proposed method
can construct a compact and informative dictionary,and endow the fused image with higher clarity and stronger contrast
to facilitate clinical diagnosis and adjuvant treatment.
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Fig. 5 Fusion results of brain tumors MR/SPECT
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Table 1 Performance comparison of brain tumors MR / SPECT
fusion results
1 1 NS ﬁﬁ[\%ﬁ
MI Q, Q/E Q. VIF
MST-SR 2.2306 0.2945 0.4135 0.6847 0.1898
CS-DCT 3.1002 0.4334 0.5407 0.7126 0.2162
SOMP K-SVD 2.9489 0.4289 0.5897 0.7207 0.2257
Bateh OMP 6520 0.4630 0.6553 0.7525  0.2160
K-SVD
o LDPC 3.4802  0.3204 0.6170 0.7489  0.2345
JPC-PCA 3.5235 0.3962 0.6256 0.7764  0.2423
GDL 3.3030 0.4214 0.6287 0.7009 0.2144
SOMP-PCA 3.4282 0.4489 0.6228 0.7218 0.2435
JCPD 3.9040 0.4718 0.6908 0.7794  0.2577
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Fig. 6 Fusion results of normal brain MR/PET

£ 2 IEHMT MR/PET fl 4 45 % 097 68 L&
Table 2 Performance comparison of normal brain MR/PET

fusion results

o P 35 A
1R B4k
MI Q, QAB/E Qu VIF
MST-SR 2.6115 0.2845 0.5335 0.7108 0.1981
CS-DCT 2.6882 0.4534 0.7507 0.7328  0.2282

SOMP K-SVD 2.7089 0.4589 0.7697 0.7587 0.2294
Batch-OMP
K-SVD
LDPC 3.3711 0.3130 0.6092 0.7329 0.2241
JPC-PCA 3.4934 L3781 0.6249  0.7460 L2391
GDL 3.0142 L4512 0.6590  0.7493 .2160
SOMP-PCA 3.4362 0.4699 0.7128 0.7568 0.2307
JCPD 4.0545 0.4828 0.7683 0.7798  0.2486

3.8524 0.4623 0.7453 0.7625 0.2196

o
o

[=)
[=)

Bl 7 Ay CT/MR EIG R G 45 R, B 7 fE 7
(b)Y 43R CT WER A MR W EE . AE 70 (A& 7(D
& 7Ce) A LA F H, MST-SR, CS-DCT #1 SOMP K-SVD 77 i
Y A LA T 358 A 0 B2 SR A YT Rk . 3R 3 T LA MST-
SR,CS-DCT #il SOMP K-SVD J5#: 78 M1 35 br L4845 T HiAlh
Xof LU 1 2 36 T i L 3 R B0 U B DL B 3 Bh O VR AR A W A B IR
LG, 5 E W% — 5. Batch-OMP K-SVD, LD-
PC.JPC-PCA.GDL L & SOMP PCA 255 {5 88 7 £ i &
QAR B — 2P e T RR 5 &  8 PR 5 ) AR SR AE 7
1E% 3 i, Batch-OMP K-SVD, LDPC, JPC-PCA. GDL L\ &
SOMP-PCA 4/ 1L 1 ML, Q, ,Q"™'", Q. il VIF 5 Ti 5 tx 4 {i
F R 3 Fp oy, 1At R Y B AT R R AR A BT 3R R e X R
{RFEAT AP T 1 By . AR SCEE Y JCPD ik TE X L VE

W RE LA K 4 15 O B8 BE 1 08 T A5 1A T £ 07 kL (A5 il 1R
A8 0% Ze M Bz JoT 0 A6 I B T DX sk i, 9 R BE B T, TJCPD
FHEM ML.Q, .Q"™" Q. M VIF 5 MK kr7E ik 3 4505
RO{E 535 A 4. 3545,0.4806,0.7960,0. 7498 F1 0. 2586, tH %%
T HABAYIN % T5 ¥, JCPD Jr ik 76 MI 48 b5 b A {8 5 ok, R WX
FEEREGHRBRYGELERFES. REEQ,, QM.
Q.. Fl VIF 4 TG AR b X 07 (04 (1 5 K SR WA SCT7 125 1 I A4 il
GRS, 5 EWIE — 2 A B T xR KR AT 2 W
&G Rl A T BT

(c)MST-SR

(D CS-DCT (e) SOMP-KSVD

(D) Batch-OMP KSVD (g) LDPC

() GDL

(j))SOMP-PCA

(k)JCPD

B 7 IEF A CT/MR @445 5%
Fig. 7 Fusion results of normal brain CT/MR
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Table 3 Performance comparison of normal brain CT/MR

fusion results

_ . i 48 A
4 BBk i a, QT . VIF
MST-SR 3.6115 0.2745 0.4935 0.6808 0.1997
CS-DCT 3.6882 0.4234 0.6506 0.6928 0.2372
SOMP K-SVD 3.7089 0.4389 0.7095 0.6987 0.2304
Batch-OMP -
K-SVD 3.8514  0.4423 0.7752 0.7025 0.2188
A LDPC 3.3601 0.3203 0.6198 0.7225 0.2049
JPC-PCA 3.4945 0.3861 0.6482 0.7392 0.2382
GDL 3.9032  0.4408 0.6703 0.7201  0.2058
SOMP PCA 4.4362 0.4597 0.7126 0.7368 0.2487
JCPD 4.3545 0.4806 0.7960 0.7498  0.2586
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DCT 5 2 5 J5 1 v #9 I 25 a2 AN 40 08 &1 15 42 i
50000 A~ [E {5 He s MST-SR 7 # 2 5] J5 ¥ v 19 Il 25 B4 2 78
N3 03 030 %k S T SR B 50000 4> 83X 8 IR B,

F 4 ANEITEAFE AT 10 U5 F 35 4b 316 ]
Table 4 Average processing time of 10 experiments of different

method sunder same conditions
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B[ 95.51 93. 68 76.43 42.58
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