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© (57) Abstract: Computer analysis of data sets representing images such as MRI images to achieve bias correction and image regis -
tration, each image including a bias in intensity within the image of unknown magnitude, is performed by: a) inputting a digital data

v set of a first image and a digital data set of a second image into a computer; b) calculating a deformation of said first image that

o transforms said first image into a transformed image that is an optimised approximation of said second image and c) simultaneously
calculating and applying a bias correction which is applied to said first image and a bias correction which is applied to said trans -

o formed image such that each of the first image and the transformed image is individually corrected for bias therein. Generally, an av
erage of the bias correction over the first image is equal and opposite to an average of the bias correction over said transformed im
age.



Bias Correction in images

The present invention relates to methods for the computer

analysis of data sets representing images in order to correct

for intensity bias of unknown magnitude within each image. The

invention has particular, but not exclusive, relevance to

processing MRI images.

Structural magnetic resonance imaging (MRI) is a non

invasive technique for examining the physical structure of the

brain (for example, calculation of the volumes of tissue) . This

is of high value for monitoring neurodegenerative diseases such

as dementia where it is well known that the brain shrinks as the

disease evolves.

A common approach to measuring volume change is by use of

image registration (a method that aligns two images by deforming

one of the images) . By analyzing how the image has to be

deformed to match the other image, change in volume can be

computed. In order to best analyze MRI scans, they need to be

free of any artifacts. MRI scans are usually corrupted with

noise from various factors arising from the scanner. These

normally appear as smoothly varying intensities in the images,

so called bias fields, which do not represent the human anatomy.

Such bias fields can severely distort the analysis.

Computational anatomy tools such as image registration

have been ubiquitous in characterizing the longitudinal

variations in the human brain. One such application is

utilizing the atrophy scores obtained from an image

registration to infer statistical differences in different

diagnostic groups such as Alzheimer' s disease (AD) and normal

controls (NC) . In this context, tensor-based morphometry

(TBM) has been widely used in clinical trials to estimate

atrophy by analyzing the Jacobian determinant maps constructed

from the obtained deformations [1] . However artifacts in

images may alter atrophy measured from image registration and

can subsequently hamper the power of a clinical trial [2] . A

typical artifact seen in brain magnetic resonance imaging



(MRI) scans is a smoothly and slowly changing spatial

variation in image intensity, or bias, which is caused by

factors such as radio frequency excitation field, magnetic

field inhomogeneity, and non-uniform reception coil

sensitivity [3] .

Image uniformity can be improved by non-differential or

differential bias correction methods. Among non-differential

bias correction methods, the initial ones followed a

prospective approach where bias was assumed to be systematic

image acquisition errors [4] . An alternative and effective

approach was to correct images after the acquisition using

standard image processing tools [4] . The most popular method

among the latter is nonparametric non-uniform intensity

normalization (N3) method, which modeled bias as a smooth

multiplicative field and acquired the bias by maximizing high

frequency content of the image histogram [5] .

Differential bias correction was first introduced in [2] .

Based on the assumption that bias should have large-scale

structure in the difference image of rigidly registered

longitudinal MRI scans, unsharped bias was removed using median

filter. A method extended this from two images to multiple

images by using the geometric means of the pairwise differential

bias [6] . However, because bias was estimated from scans after

rigid registration, the methods also removed some true intensity

variation, since differential bias from scans also included

intensity difference due to atrophic tissue shifting [2] . It is

likely that differential bias correction methods after nonrigid

registration would perform better. Some works formulated the

global transformation by multiplying a bias term to the mean of

the serially aligned images [7], while others formulated the

local transformation by multiplying the bias term to one image,

either source image or target image [8-11] .

However, the bias field affects both source and target

images when recorded. If only bias in one image is corrected,

the result of a (non-rigid) registration will depend on such



common multiplicative field and thereby be affected by whether

one or two images are bias corrected. In practice, this may be

seen e.g. in the cerebellum - it often appears that this region

of the brain is not correctly bias corrected in one of the

images and opposite atrophy patterns in white matter and grey

matter may appear [12] . The accuracy of the atrophy scores in

presence on bias therefore becomes largely dependent on the

choice of image on which the bias field is modeled.

There is a continuing need to develop better methods of

correction of bias in images to allow better automated

measurement of differences between the images that are not due

to bias.

The present invention now provides a method of computer

analysis of data sets representing images to achieve bias

correction and image registration, each image including a bias in

intensity within the image of unknown magnitude, the method

comprising :

inputting a digital data set of a first image and a digital

data set of a second image into a computer;

in said computer calculating a deformation of said first image

that transforms said first image into a transformed image that

is an optimised approximation of said second image and

simultaneously calculating and applying a bias correction which

is applied to said first image and a bias correction which is

applied to said transformed image such that each of the first

image and the transformed image is individually corrected for

bias therein.

Preferably, an average of the bias correction over the first

image is egual and opposite to an average of the bias correction

over said transformed image either exactly or within a percentile

sufficiently small to ensure that the sum of the averages is

represented within the computers precision of floating point

numbers .



Each said data set may represent an R image.

Alternatively, each could relate to an image obtained by Computed

Tomography, e.g. by X-ray, or by Nuclear Imaging such as PET or

SPECT, microscopy images of e.g. histological slices.

Said MRI image may be of a brain or a part thereof.

Each said data set may represent an image of the same object

from the same viewpoint obtained at spaced time points, for

instance each may be an MRI of the brain of the same patient

separated in time, e.g. by a year or more.

Alternatively, each said data set may represent an image of a

different instance of the same type of object from the same

viewpoint. For instance, the images may be a set of brain MRI

images from different patients.

One said image may then adopted as fiducial and each of a

pair of other said images is subjected to bias correction and

registration with said fiducial image, whereby to better define

the bias correction for said fiducial image.

Alternatively, multiple images may be bias corrected and

registered to produce a new image which is a bias corrected

centroid of the multiple images. This may be done by iterating an

update of the centroid image applying first the average

deformation obtained by registrations to the multiple images and

secondly applying the average of the bias field obtained while

registering to the multiple images. This process is continued

until convergence is obtained as both the average registrations

and average bias fields are negligible.

Optionally, simultaneous bias correction and said deformation

calculation is conducted by optimising an objective function which

comprises a term which is minimised when the images are optimally

registered. This may be for instance Mutual Information or

Normalised Mutual Information or cross correlation.



Preferably, said objective function further comprises a

regularisation term which penalises deviation from linearity of

calculated parameterised bias and deformation fields.

Preferably, said objective function further comprises a term

constraining the average bias applied to each image to be

essentially or exactly equal and opposite, as described above.

In a further aspect, said invention comprises a computer

programmed to accept as input data sets representing images and to

process said data sets to achieve bias correction and image

registration, each image including a bias in intensity within the

image of unknown magnitude, said processing in said computer

comprising calculating a deformation of said first image that

transforms said first image into a transformed image that is an

optimised approximation of said second image and simultaneously

calculating and applying a bias correction which is applied to

said first image and a bias correction which is applied to said

transformed image such that each of the first image and the

transformed image is individually corrected for bias therein.

From the bias corrected and registered images an estimate of

change of size of said object between said time points may be

obtained. Where the images are time separated brain images, such

a measure of atrophy may be of diagnostic significance in

detecting Alzheimer's disease or in forecasting its onset.

Differential bias correction is an important tool when

simultaneous assessments of longitudinal scans are made.

Among the existing methods, the bias model is applied to

only one of the images. This may lead to inconsistent

atrophy estimation depending on which image it is applied

to. In preferred embodiments of this invention, we use a B-

spline free-form deformation based two-image differential

bias correction method where both images in the

registration process are corrected for bias simultaneously.

Further, symmetry in bias correction is achieved via a new

regularization term. In a simulated experiment, described



below reproducibility of atrophy measurements a single-

image bias correction method largely depended on the choice

of the image that was corrected while this choice did not

matter with the two-image bias correction method of the

invention. On Alzheimer's disease neuroimaging initiative

data, the two-image bias correction method performed b when

compared to registration of separately bias corrected

images .

The invention will be further described and illustrated by

the following description of preferred embodiments with

reference to the accompanying drawings in which:

Figure 1 is a graph that shows results obtained on whole

brain images in an evaluation of the invention described below.

Figure 2 is a graph that shows results obtained on

hippocampus images in an evaluation of the invention described

below .

Figure 3 shows a graphical representation of a 1-D Wendland

kernel of different scales and orders.

Figure 4 shows Kernel Bundle Framework for SVFs .

In image registration, the difference between the images

due to bias fields can be accounted for as an integral part of

the alignment process. Existing registration tools do this by

trying to account for the bias field in one of the images and

evolving the other image to the same intensity level as the

uncorrected image .

However, this approach is asymmetric, because it matters

which image is selected as the one where bias is accounted for.

Moreover, the real bias field is not necessarily removed, only

the intensities are changed to match in the two images. It is

therefore possible to add bias to the uncorrected image instead

of removing bias from the evolving image .

The present invention aims at correcting both images

simultaneously during the registration procedure. The proposed



method involves assuming two bias fields, one in each image.

During the registration optimization, the images are aligned

after accounting for the above-mentioned bias fields. In order

to be consistent with both the images it is preferred to enforce

that an at least essentially equal amount of bias correction is

done in both images. This criterion may be adequately met if

the correction applied to one image is of same order of

magnitude as the correction applied to the transformed image, so

that the sum of their averages is well represented within the

computers precision of floating point numbers.

In a preferred methodology according to the invention,

applied to measuring atrophy in brain MRI images separated in

time, in order to remove a dependency of atrophy scores on which

image is bias corrected, we propose a B-spline free-form

deformation based two-image differential bias correction method

where both images in a registration process are corrected for

bias simultaneously. Both the images are treated with

independent bias models; however, the models are consistently

applied through a regularization term. The method may be

directly applied to any gradient descent based non-rigid

registration method.

In the following, Scalars are normal typeface. Vectors are

boldface. Spatial coordinates are given by x = ,γ

Given two images, image registration tries to find a

transformation T that best maps point in the floating image

to the corresponding point in the reference image. In this

embodiment, the transformation is a combination of a global

transformation and a local transformation. The global

transformation model is a rigid registration using 6 degrees

of freedom. Following the rigid registration is a refinement

using non-rigid registration where the transformations are

modeled using free-form deformation framework (FFD) [13] .

FFD consists of three components: a deformation model, an

objective function and an optimization scheme.



Combined Deformations and Bias Model

In geometric deformation model, a cubic B-spline

interpolation scheme is used as in [13] . We manipulate a

mesh of geometric control points p overlaid on the image,

with spacing δ , , and ^respectively along the x-, y-,

and z-axis, to represent the image.

Bias fields are modeled on image intensity by

multiplying a scalar exponential term to both the reference

image and deformed floating image. Here the exponential

terms are used, since they are positive and the derivatives

are simple and cheap to compute. B-spline basic function is

used for image intensity interpolation.

To define the bias model, we denote the domain of the 3D brain

MR scan as

V = { (x, y , z ) I0 < x < X , 0 < y < Y , 0 < z < Z } .

The multiplied bias fields to the reference image R

and deformed floating image F (T) are defined as and

B (T) _ Let lmn and b def be the mesh of control points

overlaid on R and F (T) , with spacing δxR , δyR , <5* and δ ,

y ' <5* respectively, then B R

and B F (T) field for each voxel (x, y , z ) can be computed as

fl {T(x)) = - d ) β - ) - (2)

where is the cubic B-splme basis function, I , ,

n and d , e , f are control point indexes along x-, y-,

and z-axes respectively for two images in V and T (x) =

(Tx(x), Ty(x), Tz(x)) .

Equation (1) gives the value of the bias field in the



position x (real valued, not necessarily integer valued) . It is

given as a super position of 3-dimensional 3RD order b-spline basis

functions computed as the product of one-dimensial b-splines

(β3 (χ ) times β3 (y) times β3 (ζ )) centered in the coordinates l,m,n

in the three dimensions (χ ,γ ,ζ ) =x, weighted by the scalar i mn .

The functions β3 is a convenient choice of functions (third order

b-splines) from the literature. b i n are parameters. The bias

field is used to create a bias-corrected image

Rcorrected (X) = R (x) e p ( BR (X) )

The problem is to determine the bias field: determining the

parameters i mn (and the parameters ¾ef and j introduced later) .

Equation (2) is identical to (1) except that it parameterizes

the bias field of the floating image which is moved from x to (x)

according to a transformation T : R 3 →R 3 that maps three-dimensional

space to three-dimensional space. Now, a corrected floating image

is

Fcorrected (T (X) ) = F (T(x) ) exp ( B (T(x) ))

If this holds it trivially follows that also the following holds

Fcorrected (X) = F (x) exp ( B (x) )

Hence, by using B ( (x) ), and applying this to the transformed

floating image F ( (x) ), one implicitly applies the bias field exp (

B (x) ) to the untransf ormed floating image . Hence the bias field

acts in a coordinate system attached to the scanner

(untransformed) and not attached to the patient (transformed) .

This is physically more realistic, as bias fields originate more

from scanner artefacts than patient artefacts.

Objective Function

Deformation model parameter jk bias field parameters

for reference image b lmn and deformed image b def are used as

parameters to optimize the objective function (3) which is a

combination of normalized mutual information (NMI) term,

regularization term and symmetry term. The NMI term is

used as the similarity criterion to measure the alignment



between two images, the regularization term i s used t o smooth

the deformation, and symmetry term i s used t o achieve

symmetry .

C = - M I+ R + 7S 3 )

Equation (3) i s the overall penalty function t o minimize

in order t o solve the problem (i.e., estimating warp and

bias fields simultaneously) . It consists o f three terms

weighted against each other. C i s a function o f all

deformation field parameters ij and all bias field

parameters def and im . NMI and R are dependent o n all

parameters whereas S depends o n the bias field parameters

def and im only. The parameters obtaining the minimal

value o f C , would not change i f C had been multiplied b y

a constant. Hence, a weighting parameter o n NMI has been

omitted a s only the relative weighting o f NMI, R , and S

i s o f importance.

The regularization term R i s based o n the discrete

Laplacian in the geometric deformation controls points

and bias field control points [14] and i s given b y

Equation (4) i s the regularization term o f (3) . It i s the

sum o f the regularization o f the three b-spline parameterized

deformation and bias fields. It i s implemented a s terms trying

t o keep the fields a s close a s possible t o linear functions b y

penalizing differences t o a linear function. The operator " ∆ "

denotes the discrete laplacian so that

∆ - lm n = 1/6 ( 6 * im - l - 1 mn _ - l +1 mn _ -blm-1 n _ - lm + 1

n -folmn-l - lm n+l )

This i s im from which i s subtracted the average o f its 6

neighbours in 3 dimensions. Making this close t o zero (by

penalizing its square) in all points enforces the b values t o

b e close t o a linear function o f its indices . The special



linear case ( i m = a*l+ b*m +c*n+d) has a zero discrete

laplacian (∆ b i n = 0 ) . Hence, the i m cannot vary wildly, but

must stay relatively close to a function like a*l+ b*m +c*n+d.

The first term of (4) could more stringently have been written

using

p jk = (Ap jk , p jk ,Ap jk )

using the fact that p = (p x, py, p ) and

I p jk 1 = p jk p i j k + p jk p jk, + p jk p jk showing that the

regularization of the transformation (x ) is sought to be close

to a linear function in the three coordinate functions

independently .

Bias field intensity value could go to zero or

infinity, to avoid this the symmetry term is proposed

Equation ( 5 ) expresses the preference for the average log-

bias-field in reference and floating image to sum up to zero.

That is, they should on average be equally large with opposite

signs although locally within the registered images the sum of the

bias fields may not be zero. This can be obtained by adding a

constant to both all b in and £>def . This does not influence R and

N as they are invariant to such constants multiplications of the

images. Hence, this term S will in the minimum always be

identical to zero and the symmetry exactly fulfilled. The purpose

of ensuring that the two bias fields are equally large with

opposite signs, is to ensure that, we do not, in the minimum

identified by gradient descent, add a very large positive or

negative constant to both log-bias-fields. If we added or

subtracted such constants, we maybe put some numerical imprecision

into the system.

The NMI term which measures the amount of

information that two images share using entropies [ 1 5 ] ,



is formulated as

¾ T (T )

where the numerator of (6) is the sum of marginal

entropies of two images, and the denominator of (6) is

the joint entropy of two images.

Equation (6) expresses the "Normalized Mutual

Information" (NMI) . This is a variant of the Mutual

Information MI. Assume two random variables X ,Y , then the

MI(X,Y) = H(X) + H(Y) - H(X,Y), where H() is the entropy

of a random variable. The more uniform a distribution is,

the larger is the entropy. For image registration we wish

to maximize the mutual information of the intensity in the

two images taken in corresponding positions. That is,

assuming that H (X) and H(Y), the entropy of the intensity

distribution in the two images, does not vary with how the

images are registered, the Mi-based registration will

minimize H(X,Y), that is to make the joint distribution of

the corresponding intensities as non-uniform as possible.

That is, it wants the joint histogram of the two images to

be placing the intensities in as few bins as possible.

This is assumed to be obtained if corresponding points are

images of the same physical point. From a source coding

perspective, the M I tells how many bits of information X

tells about Y (or vice versa) . That is: if one wishes to

encode an intensity from one image, how many bits may one

on average save, if one already knows the corresponding

intensity in the other image.

The Normalized Mutual Information is defined as

NMI = (H (x) +H (Y) )/H (X, Y ) .

This has been published as a way to handle the

problem that images are of finite extent, and thereby

there may be a tendency using M I to have only few



overlapping points in the images. In this situation M I

can, due to the low number of samples, become artificially

high. NMI may be seen as a hack without root in

information theory, but it is applied in practice with

great success.

For the purpose of the invention it is not expected

that it makes a major difference if M I or NMI is used.

Indeed, instead of NMI, any data term that is obtains its

minimal value when images are optimally registered may be

used. M I and NMI are especially preferred as they are not

just maximizing H(X,Y), but also simultaneously trying to

minimize H (X) and H (Y) .

Minimizing the histogram entropy is another well-

known methodology to perform bias correction of a single

image .

Also, instead of NMI, the data term may be the cross-

correlation :

CC(R,F) = J R(x)F ( T (x)) dx / [ sqrt ( R2 (x) dx)

sqrt ( F2 ( (x) )dx) ]

In order to compute the marginal and joint

entropy in (6), an approach using parzen windows [16]

is used. Denote the index of the histogram bins as κ

and L , the joint histogram is

, 3 e " x x R(x) -R°\

x € R '

here is the normalization factor, R ° and F ° are the

minimum intensity value of two images, and AbR and bF

are the intensity range of each bin. The corresponding

marginal histograms can be obtained by integrating (7) .

Equation (7) shows how in this embodiment in practice is

obtained the joint histogram (here denoted p , n.b. this has



nothing to do with the transformation control points pijk, but is

used as it is assumed to have something to do with a joint

distribution of intensities) of two images with correspondence

defined by j and bias correction defined by imn and i¾ef. After

bias-correction, image intensities are not any longer integer

values, and a discrete histogram is not expedient to use due to

one effect: there is truncation error when an intensity is put

into bins. This makes the M as a function of bias-correction a

piecewise constant function separated by jumps in value when the

change of bias correction make a pixel jump to a neighboring bin

in the histogram. This makes gradient-based optimization

impossible. Instead, a b-spline, β3 is centered in each floating

point intensity and represents the joint histogram (This b-spline

is the same mathematical function, but should not be confused with

the basis-functions used for the bias fields or the deformation

field. ). This has the advantage that the histogram p becomes a

dif ferentiable function in the parameters pijk, b i n and i¾ef.

Thereby also NM (or ) becomes dif ferentiable in the parameters,

and a gradient-based optimization methodology may be used.

Optimization Scheme

The limited memory Broyden-Fletcher-Goldf arb-Shanno (L-

BFGS) algorithm [17] is used to optimize the objective

function. In order to proceed the optimization, we need to

compute the derivative of the objective function (3) with

respect to j lmn and b def . To proceed optimization, the

derivatives o f joint and marginal entropies and histograms

have to be evaluated. The derivative of (7) with respect to

Pijk can be computed as :



(8)

The derivative of (7) with respect to can be computed

as :

(3)

The derivative of (7) with respect to b def can be computed
as :

dbd f

The choice of adding the bias correction term before or

after transformation in the floating image is a matter of

choice. We chose to multiply the correction term after the

transformation in order not to interfere with the spatial

deformation model. However, this choice is not expected to

have a significant influence on the final registration.



Equations (8,9,10) give the derivative of (7) with respect to

the parameters j , imn and def respectively. The derivatives of

(3) are assumed to be easy to find when these are given. dC/dq

(where q here could be any parameter) is

dC/dq = 3NMI/3q + Λ dR/dq + γ dS/dq

3NMI/3q = [(3H (X) /dq+dH (Y) / q )H (X,Y) -3H (X,Y) /3q (H (x) +H (Y) )]/

H (X, Y )2

and a s H (X) = - (x) log p (x) dx w e find after some algebra

3H(X) /3q = -Jdp (x) /3q (log p(x)+l)dx

Similar equations hold for H (Y) and H(X,Y) and the

derivatives o f R and S are quite trivial to find a s they are

simple sums o f squares or squares o f sums.

Parameters

Three levels and five levels o f transformations were

used respectively in rigid and non-rigid registration.

Levels and evaluation point settings were similar to [14] .

Different Gaussian blurrings were applied to the images a t

different levels o f registration (kernel sizes o f 15, 8 , 2 mm

for the three levels o f rigid registration and 2.0, 1.5, 0.5,

0.2, 0.2 mm for the five levels o f non-rigid registration) .

The regularization parameter Λ and symmetry term parameter γ

were empirically chosen a s 0.03.

Cube Propagation

In order t o evaluate the performance o f registration,

cerebral atrophy in serial MRI scans were estimated. Since

the transformations were a composition o f B - splines, cube

propagation [14] was used t o compute local volume changes.

Usually, given a deformation field and an anatomical mask,

regional atrophy is estimated by summing the Jacobian determinant

over the region o f interest (ROI) . However, for registration

schemes where the analytical expression o f the transformation is

not available, the Jacobean determinant needs to b e approximated



using finite differencing schemes [14a]. We instead utilize Cube

Propagation (CP) to measure atrophy. Here, each face of a cubic

voxel is triangulated and the volume under each triangle after

transformation is summed to get the volume of the transformed

cube. Tetrahedral meshing is also similar in terms of both

numerical precision and meshing, however with CP one needs to only

triangulate the surface which is simpler in terms of bookkeeping

of the indices and computations. A detailed description of CP can

be found in [31a] . Thus, cube propagation is used here to avoid

numerical noise in the deformation being amplified b y using

Jacobian integration.

Alternative Registration methods

Registration methods other than that described above may be

used whilst applying the simultaneous differential bias correction

described herein in the same way. For instance, instead of

utilising B-splines, one may use parameterization of stationary

velocity fields for dif feomorphic registration using a class of

multi-scale, multi-shape regularizing kernels called the Wendland

kernels. This registration scheme is here termed wKB-SVF. We

propose a framework that incorporates the best characteristics of

state-of-art registration schemes: 1 ) we restrict the space of

velocity fields to a specific class of function spaces,

reproducing kernel Hilbert spaces (RKHS) [la], [2a], [3a], [4a],

[5a], [6a]; 2 ) we parameterize the velocity fields using compactly

supported reproducing kernels inherited from the RKHS structure,

and we subsequently represent the high dimensional ODE via a

smaller set of control points and vectors [7a], [8a]; 3 ) we

provide a multi-scale representation of the velocity fields using

the kernel bundle framework [9a] .

In the absence of validated models for inter-subj ect/intra-

subject anatomical variability, deformations characterizing

anatomical changes such as change in organ growth are generally

assumed to be smooth and invertible. Three popular choices of



dif feomorphic deformation models are: a ) Large deformation

dif feomorphic metric mapping (LDDMM) , b ) freeform deformations and

c ) stationary velocity fields (SVFs) . Among them, a ) and c )

naturally generate dif feomorphisms and b ) requires explicit

regularization terms to ensure dif feomorphic transformations. For

a discussion about commonly used constraints on deformation models

see [10a] .

Each of these methods involves finding an optimal

dif feomorphism that connects two images. SVFs are less

computationally expensive compared to LDDMM due to the constant

velocity field assumption. Here we use SVFs together with some key

concepts from LDDMM because SVFs satisfy the dual goal of

generating dif feomorphisms while keeping computational complexity

low. A key feature of LDDMM is that the velocity fields are

modelled on a Hilbert space. This space can be constructed using

reproducing kernels, and this approach allows optimal solutions to

specific optimization problems to be found as linear combinations

of the reproducing kernels. We model the stationary velocity

fields on a Hilbert space constructed using a class of reproducing

kernels called Wendland kernels. A key property of Wendland

kernels is that they are of compact support. The construction

reduces computational complexity because both the deformation

field and the regularization term evaluate to zero outside the

support of the kernel [6a] . Existing parametric versions of SVFs

[7a], [8a] use kernels where the evaluation of the energy term

often requires spatial discretization (bending energy for

instance) ; Wendland kernels require no such spatial

regularization. In addition, we will use these kernels in a

kernel bundle framework to provide a multi-scale modelling of the

deformation field. Using the multi-scale feature from the kernel

bundle framework allows us to express the combination of various

scales as a simple sum while still remaining in the Hilbert space.

Figure 3 illustrates the orders of kernels that through the

bundle construction can be used simultaneously in wKB-SVF. In

addition, the proposed framework allows the flexibility to



simultaneously optimize for scales like in the LDD based kernel

bundle framework [9a] .

In terms of performance, wKB-SVF provides better overlaps

than the registration methods considered in the study [11a] on the

publicly available GH10 dataset. On the CUMC12 dataset, this

method provides significantly better overlaps than most of the

registration methods except for SPMDARTEL where the difference is

insignificant. The framework also separates diagnostic groups of

Alzheimer's disease (AD) and normal controls (NC) better than the

Freesurfer longitudinal segmentations when used to compute

longitudinal atrophy scores. The results illustrate that the wKB-

SVF is well suited for both inter- and intra-subj ect registration.

In flow-based registration schemes, deformations are

generated by integrating a smooth velocity field over time. Two

prominent flow-based image registration frameworks are the LDDMM

(time-varying ODEs) [2a] and SVF (time-constant ODEs) [12a],

[13a]. In LDDMM, the deformations can be parametrized by initial

velocity fields (or their dual, momenta) and the resulting

dif feomorphism paths are endpoints of the corresponding Riemannian

geodesies. This particular setting is computationally expensive

since it involves solving a geodesic equation on an infinite

dimensional group. An alternative to LDDMM are the SVFs . Here,

the dif feomorphisms are one parameter subgroups parametrized by

time-constant velocity fields through the Lie group exponential.

The Lie group exponential is realized as a time-integration of the

velocity field. The time integration is usually approximated

using integration schemes such as Euler' s or scaling-and-squaring

[12a]. The generated dif feomorphism paths are geodesies with

respect to the canonical Cartan connections [14a]. The main

drawback of SVFs is the lack of metric on space of dif feomorphisms

which is important for performing statistics such as PCA [15a] or

regression [16a]. SVFs were initially proposed by [12a] and were

further utilized with modifications in [17a], [7a], [8a], [13a],

[14a]. Among these, [17a], [13a], [14a], [18a] use the entire

image space for dissimilarity minimization. In studies [7a],



[8a], the velocity fields are instead parameterized by

interpolating kernels like b-splines. A thorough overview on

existing registration schemes can be found in the study [10a],

[11a]. Here we will restrict our focus to flow-based registration

schemes and specifically to the parameterization of the stationary

velocity fields (SVF) .

In both SVF and LDD , the vector fields belong to a subspace V of

square integrable functions, 2 . The subspace V is generally

completed using a Hilbert norm induced by a differential operator

[19a] . With sufficient conditions on the operator, the space is a

reproducing kernel Hilbert space (RKHS) [20a] : the Riesz

representation theorem states that every linear form arises as an

inner product with the representer. The representer is the

reproducing kernel. A linear form is an evaluational functional

that provides a mapping of a vector to It. In case of finite

dimensional optimization problems, RKHSs allow evaluation of the

optimal space in terms of the reproducing kernel itself: for

instance, for an interpolation problem defined as to find V of

minimum norm that satisfies v( r ) ¾ ι>β = K, the solution can be

expressed as the regularized optimization problem (Ref. theorem

9.7 [20a]), I v \ \ + |v( r) - |2 . The solution then attains the

form, v = ∑ "( r, . Here K is the reproducing kernel. The

whole problem is thus reformulated to a finite dimensional

optimization problem involving only the vectors .

In contrast to the most common approach, we will take

advantage in the fact that there is flexibility in choosing

reproducing kernels directly as opposed to being imposed by an

operator. This approach allows us to minimize computation through

the use of compactly supported kernels. Alternate options to

parameterizing velocity fields are by either using B-Splines or

truncated Gaussians. The latter is no longer continuous and the



evaluation of the energy term of the former (like bending energy)

is an approximation since it depends on spatial discretization.

Wendland kernels [21a] (the choice of reproducing kernels used

here) on the other hand emulate B-splines in both computational

complexity and smoothness. In addition, they also provide the

necessary mathematical properties (smooth, C k for some k , norm-

minimizing) to realize a dif feomorphic transformation model. The

role of reproducing kernels and the corresponding regularization

in the context of LDDMM has been explored in [9a], [6a], [3a] .

Inter-subject registration often requires smooth yet large

deformations, whereas intra-subject registration requires

deformations at much smaller scales. For example, anatomical

changes in the hippocampus are often minute and changes in

ventricles (cerebrospinal fluid) may require large deformations.

It is desired that such deformations are recovered using the same

transformation model. The type of the resulting deformation is

restricted by the scale of the parameterizing kernel. Scale, in

this case, can be interpreted as either the support of the kernel

or the spacing between the control points. If the scale of the

kernel is large, then matching of the larger structure may be goo

and the transformations smooth. However, the matching of smaller

structures like the hippocampus may not be satisfactory. On the

other hand, if the scale is small, the matching may be good but

the resulting transformation is spiky and may lead to undesirably

large Jacobians [3a] . One way to handle such variability in

deformation scales (also to avoid local minima' s in optimization)

is via a pyramidal approach i.e., by changing the scales of image

smoothing or the resolution of the control points. This approach

however, is still limited by the range of deformations achievable

by the shape and size of the kernel. The kernel bundle framework

handles this by providing a scale-space representation of the

kernels. A very attractive feature of the kernel bundle framewor

is that the representation of the multi-scale kernel is a simple

linear combination of kernels of different support or resolution.

Standard parameterizations of velocity fields like ones using B-



Splines require additional routines such as knot splitting to

combine various scales of the velocity field. The idea of

exploiting RKHS kernels to build multiscale kernel based

diffeomorphic image registration is not new in the context of

LDD [9a], [3a] . However, the application of kernel bundle

framework in the context of SVF based image registration is

believed to be novel. Further, a combination of compactly

supported reproducing kernels and the kernel bundle framework has

not been explored in diffeomorphic image registration.

We start by describing SVF based image registration and

presenting the application of RKHSs in the context of SVFs. We

then discuss how computational complexity can be minimized by

representing velocity fields with compactly supported reproducing

kernels. Followed by this, we discuss the adaptation of the

kernel bundle framework to SVFs together with compactly supported

Wendland kernels.

Given a floating image I and a reference image l2 with a

spatial domain Ω € , image registration involves finding a

transformation ψ : £1 X → Ω that aligns the images. The

transformation is found by minimizing a dissimilarity measure

between the images under certain constraints encoded in a

regularization term. A general cost function is of the form:

arg van E l I = arg E l p J ) + l_¾ ( ?) CC E C (la

where , CC are user-specified constants controlling the degree o

regularization, ED is a dissimilarity measure that allows

comparison of the floating image to the reference image, ER is a

regularization term that encodes desired properties of φ , and EiCC

can be included as an additional penalty term to enforce inverse

consistency, see discussion of Equation 6a. The regularization

term can either be explicitly minimized as in the parametric

approach or can be implicitly restricted by convolving with a low



pass filter [13a]. The transformation now is restricted to the

group of dif feomorphisms Diff (Ω) . In flow-based schemes, a time-

dependent velocity field v(jr,£) : Ω X → is integrated to obtain

a displacement. The governing differential equation is of the

form

φ (χ,t)

d t

where φ is the displacement and | £) |j dt < where [Q, ] is

the time interval. The path of dif feomorphisms ? -,t is in

practice obtained by numerical integration. Solving the non-time

stationary differential equation is generally computationally

expensive .

With stationary velocity fields (SVF) [14a], the velocity field

v(¾,t) is constant in time. The paths parameterized by SVFs are

exactly one parameter subgroups of Diff (Ω) . These paths are quite

different from the Riemannian geodesies in the sense that the

paths are metric-free [14a] . Let £1 be the spatial domain of J

with x E Ω as a spatial location. Let G c D i ( be a subspace

containing the dif feomorphic transformations, and let V be the

tangent space of G at identity Id containing the velocity fields

v . A path of dif feomorphisms is generated by the stationary flow

equation,

d q x , (2a)
— = v p ,t})

with initia 1 condition X 0 ) = x . The final transfo rrriation

(χ) = φ χ ) is the Lie group exponential map Exp (v ) . This Lie

group exponential can be approximated by Euler integration [7a].

For example, given p steps and φ — φ χ,t), the Euler intecjrat ion

is



= x , (3a)

(4a)
= x +

V

1
f.

(5a)
ψ = φ

In the study [12a], the scaling-and-squaring method to

exponentiate velocity fields was proposed. Here the final

deformation was estimated by composing successive exponentials.

However, a major drawback to this method is that at every squaring

step the velocity fields need to be re-interpolated at integer

positions. This may lead to undesired smoothing (interpolation)

in the velocity field over which there is no apparent control.

Bossa et. al., [23a] point out the instability in the convergence

properties of scaling-and-squaring. Therefore, we choose the

relatively stable forward Euler's scheme for integrating the

velocity fields .

In a continuous setting, dif feomorphisms generated by SVFs

are invertible transformations with dif ferentiable inverses.

However, due to the numerical integration of the velocity field,

inverse consistency is not achieved in practice and needs to be

explicitly enforced typically through a regularization term. In

[24a], inverse consistency was enforced by penalizing the

displacement error generated after composing a transformation with

its inverse. However, in this method, the computation of the

inverse is a computationally expensive approximation [25a] .

Forward transformations are first computed and then the inverse

transformations are approximated. We will maintain a single

parameterization of the velocity field. Both the forward and

backward registration are performed simultaneously. The inverse

consistency term is computed as,



where φ = φ ,i = Exp(v) and = Exp(-v) are the backward and

forward registration transformations.

In this section, we present multi-scale parametrization of

velocity fields using compactly supported reproducing kernels.

Similar to representations with non-reproducing kernels such as B-

splines, the kernels have compact support but unlike B-splines,

the reproducing property of the reproducing kernels ensure that

the kernels are norm-minimizing.

In SVF based image registration, the velocity fields v , are

chosen to belong to a subspace of absolutely integrable functions

in 2 . To complete this subspace, the norm associated with an

appropriate differential operator L,( rv )v = (Lli,v) s , ν , ν € V is

utilized. Usually, L is chosen to be a diffusive model of the

form L = d — V 2 [19] where is a Laplacian operator. Other choices

for the operator exist and discussion on them can be found in

[26a] .

The operator L provides a mapping of the velocity field v from V

to its dual space V". When V is admissible [20a] , the dual space

contains linear evaluational functionals x : → v ( ) . The

evaluation functionals, that for each x E Q provide a mapping of

the vector space to R, can be written as \v = V ) . According

to the Riesz representation theorem, there exists spatially

dependent kernels K = K{-,x) Ω X → such that

v = ( v )v = (¾|v). This implies that (Kx,v)v = LKx \v and L = ΰχ

[20a] . Note that (·,·) denotes the inner product and (·|·) denotes

evaluation of a functional functional i.e., ( | t ) = i (t') where

δ E V and v E V . We can therefore view K as an inverse of L . In



fact, the kernel is also a Green's function with respect to the

differential operator L. If the operator is differential, then K

is positive definite. As a consequence, if K is constructed from

a differential operator, then K is always of infinite support

[27a]. It may be computationally intensive to evaluate the

deformation field and the norm if velocity fields are

parameterized using kernels of infinite support.

The approach in the previous section essentially involves

first finding a mapping from V to ,and then constructing kernels

that provide a mapping back to V . We will use the significant

benefits in taking the reverse approach: instead of constructing

kernels from differential operators which force the support of the

kernels to be infinite, we choose the kernels directly. This

particular arrangement allows the use of kernels to intentionally

minimize computation via the compact support.

Following Moore-Aronsza n theorem [28a]: for every symmetric

positive (semi) definite kernel K exists a unique RKHS that has K

as its reproducing kernel. The corresponding RKHS is the

completion of the linear space spanned by the functions of the

form,

for all choices of E which is the parameter attached to each

kernel centered at the points j . 6 . The inner product on this

space provides the reproducing property such that,

(7a)

This essentially implies that we can choose an appropriate

symmetric semi-positive definite kernel with compact support and

this kernel has a unique RKHS associated with it. The Gaussian



kernels is an example of reproducing kernels. However, due its

infinite support, parameterizing velocity fields with Gaussians in

dense image matching may be expensive. Using reproducing kernels

to generate transformations is not new in LDD . Studies usually

[9a], [3a], [6a] utilize reproducing kernels such as Gaussian

kernels to parametrize velocity fields.

A regularization term usually is required to ensure

sufficient smoothness in the solution of the ODE. In flow-based

registration schemes, this term is usually formulated as the

squared norm on the velocity field. Given a reproducing kernel,

the evaluation of the squared norm is simply the kernel product

and does not depend on any spatial discretization like other

regularization terms such as bending energy of B-Splines. The

regularization term may be evaluated as,

and by linearity of the inner product and the reproducing property

associated with the corresponding RKHS (7a), the norm on linear

combinations of the kernel can be evaluated by

Because of this reproducing property, it is often useful to

parametrize the optimal function directly using these kernels

since optimal solutions are linear combinations of the reproducing

kernels of the norm. In case of infinitely supported kernels like

the Gaussian, the entire double sum needs to be evaluated which

can be computationally expensive depending the number of kernels.

In contrast, with finite support, the kernel product is zero

outside the support making the evaluation of (8a) efficient.



We will now outline extending the kernel bundle concept [9a]

to compactly supported reproducing kernels and use it in the SVF

framework .

The reasoning behind the need for a multiscale representation

of a deformation has been well discussed [3a], [9a]. In brief,

image deformations often occur at different scales. For instance,

in inter-subject registration large scale transformations may be

required and in intra-subject registration relatively smaller

scaled deformations are required. For example, the deformations

around hippocampus can be small while in regions like

cerebrospinal fluid, the deformation may be larger. The key is to

obtain computationally efficient representations of

transformations without limiting the range and capacity of the

deformation. This can be achieved by combining multiple kernels

at multiple scales in the same registration framework. Typically

in a kernel-based image registration scheme, the support (or

scale) of the kernel is fixed. For instance in cubic-spline, the

support is fixed to four by design.

The kernel bundle framework in LDD [9a] incorporates

multiple scales of kernels as a sum in the same optimization

function. We utilize the fact that the sum of multiple RKHS

spaces is still RKHS. We set to achieve a similar construction

with SVFs . We extend the concept of the space of velocity fields

V to a family of spaces of velocity fields V . We consider r spaces

where each V is equipped with a norm = l...r. The

velocity fields are linear sums of individual kernels at r levels.

It is represented as,

r r "

Here v is the final velocity field, K m is the kernel at each level

and is the parameter associated with it. The variable im is



the kernel centers at each level and is the number of kernels

at each level. Note that Κ ,χ = A'(— — - , where q is the

support of the kernel at each level. The expression of the cost

function (la) in a kernel bundle framework can be written as

below :

( arg miiiv 2(Exp(vi)) + E l ,Ii(Exp — (vi )),

arg minv E I I2(E (v + v )) + E (I (E xp - (v + v2)),

[arg minv - v ))

The kernels at each level can be of any support. For instance,

one can have infinitely supported Gaussian kernels in a coarser

registration scale and have compactly supported kernels handle

finer resolutions in the registration. Figure 4 illustrates the

kernel bundle framework. Different curves represent different

classes of kernels.

In this section, we will describe the compactly supported

Wendland kernel [21a] used in the parameterizing the velocity

fields. Note that compactly supported reproducing kernels can

also be constructed instead of choosing them directly. One such

example is found in [6a] .

Wendland kernels were originally developed for multidimensional,

scattered grid interpolation. They are positive definite

functions with positive Fourier transforms and minimal degree

polynomials on [0, 1 ] . They yield C 2 (s is the desired degree of

smoothness) smooth radial basis functions on . . Application of

Wendland kernels in landmark registration can be found in [29a].

They are defined as follows,



where s i s the smoothness o f the kernel, r is the Euclidean

distance to the center o f the kernel scaled b y the support, g is

the dimension given b y | / 2 = 2c + s + and Is i s the integral

operator applied s times given as,

W e will utilize two classes o f Wendland kernels in the kernel

bundle framework. They are,

(12a

Figure 3 shows both the linear (innermost) and smooth Wendland

kernels (outermost, middle) . They all have unit coefficient.

Note that Equation (10a) refers to the general family o f Wendland

kernels. W e will however choose only particular kernels

(d = 3,s = 1) since they emulate B - splines both in terms o f the

smoothness properties and the shape o f the kernel.

W e will optimize the kernel bundle framework in a

hierarchical parallel fashion. For instance, in level one, only

v i s optimized, in level two both v are optimized, and so on

and so forth. A limited memory Broyden-Fletcher-Goldf arb-Shanno

(L-BFGS) [30a] scheme is used for optimization. The optimization

was done using the min-Func package (see

http: //www. d i .ens .fr / ~mschmidt/Software/minFunc. html, version 2012) . For

optimization, w e manually supply the derivatives. Normalized

mutual information (N ) i s used a s a similarity measure for both

the linear transformation and non-linear transformation. W e

initialize the non-linear transformation with a linear

transformation with 9 degrees o f freedom (DOF) . W e refer to [31a]



for formulations of the linear transformations that we use. We

can write the cost function as (13a) . Note that the forward and

backward transformations are represented as φ (χ,1) = Exp(v) and

φ '(χ,1) = Exp(— ). The derivative of the cost function at each

level can be derived as (14a) . In both (13a), (14a), the backward

registration is computed in a similar way however by replacing v

by —v. In (14a) , — is the derivative of the transformation with

respect to the nth parameter at rth level , (l ...p is the

composition number (p, total number of compositions)

Sc = — and D _ s the spatial Jacobian of the
number of t s *

previous composition. The flow chart of the registration

algorithm can be found in Algorithm 1 . The parameter used for the

registration can be found in Table I . For computational reasons,

only every second voxel was used to evaluate the similarity

measure. Note that for both inter-subject and intra-subj ect

registration the same set of parameters are used. Note that all

the levels are optimized simultaneously depending on the level.

Algorithm 1 wKB-SVF Registration Algorithm

1 : Affine registration with 12 degrees of freedom.

2 : Non-rigid registration

Initialization, m = ff = 1 . . .

3 : loop over the number of levels r

Smooth both floating and fixed image with a Gaussian of

standard deviation .

Compute velocity field v (9a) .

Compute displacement field φ = Exp(v).

Compute similarity measure N



Compute the update E (14a) .

In order to evaluate the registration on intra-subj ect

registration we measure atrophy (or volume change) in disease

(Alzheimer' s disease) specific brain regions such as whole brain

(WB) , Hippocampus (Hip) , Ventricles (Vent) and Medial Temporal

Lobe (MTL) .

Experiments and Results (Obtained using the first described

Registration method)

Image Data

Test data in the experiments were obtained from the

Alzheimer's disease neuroimaging initiative (ADNI) database

and the chosen subjects were the same as in [18] was used.

The images were given in 256 χ 256 χ 256 isotropic voxel cubes

where voxel dimension was l l l mm.

Simulated Bias

In this experiment, we randomly picked a case from the

available dataset and multiplied an artificial bias field to

the image. Atrophy was then computed as function of the

strength of the bias field. The form of the multiplicative

bias field was:

where x , y , z are the spatial locations, σ is the standard

deviation of the Gaussian and was chosen to be 3 8 and is

the strength of the bias field and was carried between 0.02

to 0 .9 .

Several sets of experiments were conducted using different

bias correction strategies described below and results are

shown in Figures 1 and 2 . The figures show atrophy of whole

brain (Figure 1), and of hippocampus (Figure 2 ) as a function of



strength of the bias. y-axis represent % volume loss and x-axis

represents the strength of the bias a . The six lines represent

six different settings described as follows: a ) bias was

multiplied to the floating image and both images were corrected

during registration (Reference- Double) , b ) bias was multiplied

to the reference image and both images were corrected during

registration (Floating-Double) , c ) bias was multiplied to the

reference image and the same image was corrected during

registration (Reference-Reference) , d ) bias was multiplied to

the floating image and the same image was corrected during

registration (Floating-Floating) , e ) bias was multiplied to the

floating image and the reference image was corrected during

registration (Floating-Reference) , and finally f) bias was

multiplied to the reference image and the floating image was

corrected during registration (Reference-Floating) .

Runs (a) and (b) are in accordance with the invention.

After the registration, whole brain and hippocampus

atrophy were computed using the generated deformation field.

From Fig. 1 and Figure 2 , we can observe that most variations

in atrophy estimation were seen when the floating image was

corrected for the bias (regardless if the bias was added to

floating or the reference image) . Minor variations in atrophy

scores were seen when the reference image was corrected for

bias during registration and nearly no variations were seen

when bias correction was performed on both the images

(regardless of which image was corrupted with bias) .

Application on ADNI data

Two-image bias correction based registration was

applied to the full dataset and atrophy in whole brain,

hippocampus, ventricles and medial temporal lobe were

computed. For comparison, registration without any

differential bias correction was performed on the same

data which was already pre-processed using Freesurfer' s

N 3 bias correction method. To evaluate the



performance of both the methods, diagnostic group

separation (Cohen' s D and area under the curve (AUC) )

of the capabilities of the methods were inspected (AD

s . NC) . Cohen' s D is given by:

where µ and σ are mean and standard deviation. To compute

the p-value for the pairwise method comparison, we carried

out a two-tailed t-test for the null hypothesis of equal

measures Nl-N2= , where Nl and N2 were independent random

measures. We computed a probability distribution for the

difference between the Cohen' s D for the two measures and

computed p as p (Nl > N2) = 1 - cdf W 2 (0) and p{N2 > Nl) =

cdf W _ 2 (0) . The p-values for comparing the AUCs were

computed using the DeLong test [14] .

As we can see in Table 1 , both Cohen's D and AUC were

similar in hippocampus, ventricles and medial temporal lobe

measures for both the methods . However, the two-image bias

correction method yielded significant improvement in group

separation based on whole brain measurements .



AD NC

Mean (Std) Mean (Std) AUC Cohen' s

d

B 1.24(0.85) 0.30(0.51) 0.85(0.04) 1.34

Bias Hip -2.77(1.87) 0.84(0.04) 1.39

Correction 0 .70 (0 .98)

according to

the

invention

Vent 10.19(5.77) 0.81(0.05) 1.15

4 .12 (4 .72)

MTL -2.66(1. 81) 0.86(0.04) 1.30

0.84(0.84)

WB -1.22 (0. 90) 0.76(0.06) 1.07

0 .37 (0 .68)

Freesurf er Hip -3.37(2.01) 0.85(1.43) 0.85(0.04) 1.46

N3 Bias

Correction

Vent 10.98 (6.15) 4.39(4.84) 0.81(0.05) 1.19

MTL -2 .82 (1 .93) 0.85(0.04) 1 .24

0.78 (1.26)

Table 1 . Various statistics based on atrophy estimated using

Freesufer N 3 and a method according to the invention; mean

and standard deviation are in % volume loss. WB : Whole

Brain, Hip: Hippocampus, Vent: Ventricles, MTL: Medial

Temporal Lobe. Bold text represents significance of two-



image bias correction method over separate N3 bias

correction method.

The example of the working of the invention above uses a

simultaneous registration and two-image bias correction method

and demonstrates its efficiency in atrophy scoring and

diagnostic group separation capabilities. One of the key

observations of the artificial example was that the

reproducibility of atrophy scores was not consistent when

only the floating image was corrected for bias. This may be

because of the intensity re-sampling of the floating image

involved during registration. This observation implies that

the choice of the image on which the bias field is modeled

becomes crucial. In instances such as template-image

registration, care needs to be taken to make sure the bias is

modeled on the image and the template is warped. The

artificial examples further showed that this particular choice

of bias-warp is not important when the presented (bilateral)

method is used. In addition, the pro- posed regularization

term ensures that the bias is consistently applied to both

images thereby removing any bias.

Further, single-image bias model cannot be assumed for

all registration applications, for instance, cross modality

registration. Whereas, due to the fact that two-image bias

correction method assumes independent bias models, this

method is more suited for a richer range of registration

applications .

In this specification, unless expressly otherwise indicated,

the word 'or' is used in the sense of an operator that returns a

true value when either or both of the stated conditions is met, as

opposed to the operator 'exclusive or' which reguires that only

one of the conditions is met. The word 'comprising' is used in

the sense of 'including' rather than in to mean 'consisting o .

All prior teachings acknowledged above are hereby incorporated by

reference. No acknowledgement of any prior published document

herein should be taken to be an admission or representation that



the teaching thereof was common general knowledge i n Australia or

elsewhere at the date hereof .
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CLAIMS

A method of computer analysis of data sets representing images

to achieve bias correction and image registration, each image

including a bias in intensity within the image of unknown

magnitude, the method comprising:

a ) inputting a digital data set of a first image and a digital

data set of a second image into a computer;

b ) in said computer calculating a deformation of said first

image that transforms said first image into a transformed

image that is an optimised approximation of said second image

and

c ) simultaneously calculating and applying a bias correction

which is applied to said first image and a bias correction

which is applied to said transformed image such that each of

the first image and the transformed image is individually

corrected for bias therein.

A method as claimed in claim 1 , wherein an average of the bias

correction over the first image is equal and opposite to an

average of the bias correction over said transformed image.

A method as claimed in claim lor claim 2 , wherein each said

data set represents an MR image.

A method as claimed in claim 3 , wherein said MRI image is of a

brain or a part thereof.

A method as claimed in any preceding claim, wherein each said

data set represents an image of the same object from the same

viewpoint obtained at spaced time points .

A method as claimed in any one of claims 1 to , wherein each

said data set represents an image of a different instance of

the same type of object from the same viewpoint.

A method as claimed in claim 6 , wherein one said image is

adopted as fiducial and each of a pair of other said images is



subjected to bias correction and registration with said

fiducial image, whereby to better define the bias correction

for said fiducial image.

A method as claimed in claim 6 , wherein multiple images are

bias corrected and registered to produce a new image which is

bias corrected centroid of the multiple images.

A method as claimed in any preceding claim, wherein

simultaneous bias correction and said deformation calculation

is conducted by optimising an objective function which

comprises a term which is minimised when the images are

optimally registered.

A method as claimed in claim 9 , wherein said objective

function further comprises a regularisation term which

penalises deviation from linearity of calculated parameterised

bias and deformation fields.

A method as claimed in claim 9 or claim 10, wherein said

objective function further comprises a term constraining the

average bias applied to each image to be essentially equal and

opposite .

A method as claimed in claim 5 , wherein from the bias

corrected and registered images an estimate of change of size

of said object between said time points is obtained.

A computer programmed to accept as input data sets

representing images and to process said data sets to achieve

bias correction and image registration, each image including a

bias in intensity within the image of unknown magnitude, said

processing in said computer comprising

calculating a deformation of said first image that transforms

said first image into a transformed image that is an optimised

approximation of said second image and

simultaneously calculating and applying a bias correction whicl

is applied to said first image and a bias correction which is

applied to said transformed image such that each of the first



image and the transformed image is individually corrected for

bias therein.
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