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Multi-modal medical image registration based on local wavelet pattern and coherent point drift
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Abstract: To improve the speed, accuracy and robustness of multi-modal medical image registration by proposing an image
registration algorithm based on local wavelet pattern (LWP) and coherent point drift (CPD). The image stabilization feature

points were extracted and decomposed by the wavelet-encoded 8 local neighborhood information. And then the center pixel

ke

1

values were transformed to ensure the values of the vector composed of center pixels and the values of wavelet

[l

decomposition vector were in consistent. The LWP descriptor was calculated by using local wavelet decomposed vectors

and transformed center pixel vectors. Finally, taken the function combining the posterior probability of Gaussian mixture
model with negative log-likelihood function as the objective function, the CPD algorithm was used to carry out parameter
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estimation and spatial transformation. Experiments showed that with the image noise, intensity non-uniformity and initial
mismatches, the LCP-CPD algorithm provided good registration speed, accuracy and robustness
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Fig.1 Local neighbors of a center pixel in polar coordinate system
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Tab.1 Result of CT-MRI image registration

SIFT-CPD LWP-CPD
No.
AT /mm o/ ° Iterative times AT /mm o/ ° Iterative times
1 0.7529 0.681 6 49 0.4115 0.764 2 41
5 0.974 0 0.810 7 48 0.530 7 0.478 0 39
13 0.8813 0.659 4 48 0.370 8 0.536 0 37
43 0.823 1 0.8352 49 0.327 1 0.5417 36
12 0.630 7 0.7357 46 0.543 8 0.4619 33
20 0.802 2 0.972 8 51 0.634 7 0.697 1 38
26 0.934 1 0.885 1 44 0.578 1 0.496 3 31
32 0.949 3 0.992 4 51 0.476 2 0.758 7 37
2 BUIMEA T, T AL MRI ES R 455
Tab.2 Result of T,—T, weighted MRI noise image registration
SIFT-CPD LWP-CPD
No. Simulated-noise/%
AT /mm o/ ° Iterative times AT /mm o/ ° Iterative times
3 2 0.964 3 0.7815 48 03146 0.414 1 38
5 2 0.782 6 0.983 5 47 0.523 1 0.423 6 35
23 1 0.9415 0.948 6 51 0.267 8 0.570 7 37
30 0 0.973 4 0.954 8 48 0.3483 04175 40
24 5 1.014 3 1.1312 46 0.501 1 0.5233 37
42 2 0.843 6 0.763 1 41 0.413 9 0.463 1 39
1 1 0.7829 1.001 6 47 0.530 1 0.297 1 35
36 4 1.046 0 1.0253 49 0.378 9 0.223 7 41

8t11 50 20 CT-MRI FI T,- T, AL MR A4 1 1 o
WEHER (R 3) IR A A A S H, T A
GEAT 2 R 5 AR ¥, BT AR SCHE H ) LWP-CPD 45
LRSS R, Ho - e 154 25 0 0.4728° T34 1Y
PBIRZEN 0.5241 MG, 5 R A SIFT-CPD 5 % L
B FCHERG EAR T A T, FLIR 2238 /NF 1, e ifE

BENAR RS, FEIX 50 250 , AR SCHE H A LWP-

CPD B L e HE ALK 100%., 2548 OB, AR SCHR

LWP-CPD Sk FEHT M A P R0 v 1 4 25y T B

T RAFRIRUR

33 SEEZEGEEHFESR
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Tab.3 Accuracy evaluation of SIFT-CPD and LWP-CPD experiments

Evaluated SIFT-CPD LWP-CPD
Average of rotation error/° 0.9303 0.4728
Average of displacement error/mm 0.9665 0.5241
Average of iterative times 47 38

Rate of registration success/% 74 100
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a: MRI float image b: CT reference image

c:

Float image feature d: Refence image feature

point extraction point extraction

e: Feature point matching

f: Registrantion result

5 CT-MRIBEZAESEI T2
Fig.5 CT-MRI registration experiment
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