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Figure 2 Simulated brain images
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Figure 3 Correlation between real components and
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estimated components under 11 noise levels
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Table 1 The statistical p values of the relevant

results in Figure 3

PSNR/dB MCCA+jICA MCCAR+JICA MMCCA+;jICA

1 0. 008 9 0.009 0 0.008 6
2 0.008 2 0.008 8 0.009 0
3 0.009 3 0.009 0 0.009 5
4 0.008 0 0.008 6 0.008 4
7 0.008 5 0.008 7 0.008 6
10 0.008 9 0.008 6 0.008 0
12 0.008 0 0.009 2 0.008 8
15 0.007 5 0.008 5 0.008 5
17 0.008 3 0.008 7 0.008 3
23 0.008 5 0.009 0 0.009 0
30 0.008 2 0.008 0 0.008 5

BB AR YK N  MMCCA +JICA (97.27% ) .MCCAR
+]ICA (80.45%) MCCA+jICA (79.91%) , ifii H.Bf
5 MR LE Y O R DN SRR A o 25 MM 3 1 MR
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4) MCCA+jICA(0.026 1), LA L 87 m] %0, 4
Pl T oAt 2 Ay 2, AR SO 4R T ik 6 AR B 1Y
LRSS =Y ek L

PR IR BT B, &1 4 AL S 7R T 78 PSNR =15 dB
XM KT, 3 Bl G 7 g R AR A T
AR E 4 H R XA RIS 22 (8 A7 7 6
R M X I, A4 R S A 2 ROy ik A
o, RSO AR M Z B AAEfE HIE R T
BLAY 3 A I 22 AR ) TR 2 IR R B LA
3.2 BEEMEMBEXME

K5 27 11 D IEEE B LT MCCA +jICA |
MCCAR+JICA Fl MMCCA +jICA 3 Fh 75 %15 8] 1Y
TG HE MR Z (B A OGRS SR Hi I8 5 A, Bl 1

x2 AEFAEIHTHR SR ZE
Table 2 Detection of covariant components by different methods
PSNR/AB A6 I 4 1 2% A~ % 6 I 2/ %
MCCA+jICA MCCAR+jICA MMCCA+jICA MCCA+jICA MCCAR+jICA MMCCA+jICA
1 401 410 515 74 77 96
2 428 431 516 80 81 96
3 440 429 510 82 80 95
4 423 428 521 79 80 97
7 425 425 518 79 79 97
10 438 439 519 82 82 97
12 409 435 525 76 81 98
15 439 440 530 82 82 99
17 439 441 526 82 82 98
23 437 432 525 82 80 98
30 434 435 529 81 81 99
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Abstract: An unsupervised multi-level and multimodal fusion method was proposed for human brain magnetic
resonance imaging data by multi-level feature calculation based on the improvement of MCCA+ jICA ( multi-
modal canonical correlation analysis+joint independent component analysis). The method preprocessed the raw
multimodal data, extracted the low-level features, calculated the high-level features, integrated the multi
modal images with multi-level features, and performed fusion analysis with the spatial independent component
technique. It was compared with MCCA+ jICA and MCCA+ JICA with reference. Results showed that for dif-
ferent signal-to-noise ratios, the proposed method (95% ~99% ) had the highest accuracy for detecting the tar-
get information, followed by MCCA+ jICA with reference (77% ~82% ) and MCCA+ jICA (74% ~82% ) , the
biggest correlation between the estimation target and the real target (0.890 6), followed by MCCA + JICA
(0.8557) and MCCA+ JICA with reference (0.699 9), and the lowest standard deviation of the correlation
between the mixed matrix from different modalities (0.105 5), followed by MCCA + jICA with reference
(0.138 4) and MCCA + jICA (0.289 6). Therefore, the method proposed in this paper had a higher
accuracy, stronger robustness and better stability in exploring the brain functional-structural co-variation and
coupled relationship. This was of great significance to study the brain mechanism and pathophysiology of the
brain-related diseases.
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