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We compare two multimodal nonlinear registration algorithms, based on Shannon Mutual Information (M1) and inverse Normalized Mutual Information (INMI) [1],
incorporating a regularization term and fast numerical solver. This generalizes previous registration algorithm [2] for an arbitrary displacement field.

We apply a variational principleto asum (1) of negative MI (similar to [6]), or in another case of INMI, and regularization term, resulting in diffusion equation (2)
with respect to displacement field u
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In—INMI, fr ,fr —reference and test images, p —joint pdf of intensities of the image pair, pr - marginal pdf for test image. We used regularizer y(-) described in [3], and
the 8-function is approximated by a cubic B-spline. The diffusion equation is solved by a stable Additive Operator Splitting scheme [4].

A series of 30 2D test images were generated out of asingle MR brain image (used as a reference image) by applying a smooth nonlinear displacement field with
maximal displacement ~4.7 pixels, and adding independent 5% Rician noise to the image intensity. The intensity distribution of the test images was changed by
applying a nonlinear intensity transformation [2]. Prior to registration the i mages were convolved with alow-pass filter. Registering theimages first at coarse and then
at successively finer resol utions was performed to reduce the risk of false matches. The coarseness of the filter depends on the maximal expected displacement between
the images (the larger the displacement, the coarser the filter). All test images were successfully registered by both MI and INMI-based methods, achieving comparable
M1 values between the reference and registered images in most cases. An example of INMI-based registration is provided in Fig.1. One can notice an improved match,
especially on the boundaries of featuresinside the brain. However, on the boundary of the skull the match isless pronounced. The value of M| between the test and
reference images was 0.432 before registration, and 0.780 (0.778) after registration by M1 (INMI) method. Distortion correction outside brain was not expected because
of lack of featuresin these areas. Increasing the weight of the regularizer in (1) usually resultsin asmoother displacement field and smaller achieved M| values.
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‘ - ! toright: 1. unregistered test
image, 2. registered test
image, 3. difference between a
grid (grid 0) and the same grid
distorted by the displacement
field used to create the test
image (grid 1). 4. difference
between grid 0 and the grid 1
distorted by the displacement
field found by the registration

agorithm; |dea||y these two grids should coincide. All images are overlaid with the contour of the reference image.

In another example, a pair of 3D tomato MR images was considered. After the first (reference) i mage was acquired, the tomato was sgqueezed to introduce a local
nonlinear distortion field, and another (test) image was acquired. The intensity of the test image was modified in order to change its modality [2]. First the image pair
was registered affinely using the patch algorithm [5], to correct for possible global motion. Then both MI- and INMI-based methods were employed to correct for
nonlinear distortions. Both algorithms successfully registered the image pair, achieving comparable M| val ues between the registered and reference images; the INM|
results are shown in Fig.2. The value of M| between images before registration was 0.566, after affine registration 0.640, and after registration by Ml and INM|
methods 0.710 and 0.711, respectively.

Fig.2. INMI registration of 3D
image. A single sliceis
shown. From left toright: 1.
unregistered test image, 2.
affinely registered test image,
3. registered test image, 4. a
grid distorted by affine and
nonlinear motion found by
registration; al images are
shown with a contour of the
reference image.

Conclusion. Both MI and INMI methods were able to properly register (with asimilar quality, comparable final M| values between the registered and reference
images, and comparable CPU time) a series of artificial 2D images against an image of different modality. The methods also properly registered a pair of 3D images.
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