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1 ABSTRA CT

A novel non-parametric approach for correcting intensity non-uniformit y in magnetic resonance(MR) data in an
imagevolumeis described. This model is basedon smooth shifts in intensity within homogeneousmaterials and does
not require radio frequency(RF) coil, tissue classmodels, or optimisation. The advantage of this computationally
fast method is that it can be applied early in quantitativ e analysiswhile being independent of pulse sequenceand
insensitive to pathological processes.This algorithm hasbeentested on both real and simulated data. Application
to tissue segmentation and functional MR imaging has shown a marked improvement in quantitativ e analysis. See
Appendix B for a summary of modi�cations to this algorithm sincepublication.

2 BA CK GR OUND

Historically, the emphasison the development of magnetic resonanceimaging (MRI) hasbeenon the production of
easily interpreted, high contrast, noisefree diagnostic images. Recently , the medical physicscommunit y hasbegun
to examinethe extent to which MRI can provide quantitativ e information to investigatephysiology and structure.
The motivation for the non-uniformit y correction algorithm presented below has been an interest in the use of
multi-spectral MR data for quantitativ e analysis and measurement of tumour tissue. Most tissuesare relatively
homogeneousand should display a high degreeof intensity uniformit y throughout a given volume. This o�ers the
potential of automatic and accurate structure determination for a wide variety of clinical tasks.

However, in the interest of obtaining low noise,high contrast images,someMR scannersoften make undocumented
adjustments to the ampli�cation and digitisation of the RF image signal. These hardware adjustments can vary
betweenthe z-plane (phaseencode) slicesof a volume image and betweenscansfor a particular patient. A similar
problem exists for within slice variation due to sensitivity e�ects, particularly for surfacereceiver.

All magnetic resonanceimagessu�er from signal intensity non-uniformit y to someextent causing a smooth drift
of averageintensity acrossconstant regionsof tissue. Radio frequency (RF) coil asymmetry, gradient-driv en eddy
currents, pulse sequenceparameters,and overall patient anatomy all potentially contribute to this gain drift [3].

Many simple analysis techniques, requiring repeatable measurements, are impossibleor impededdue to changing
MR scannercalibration and patient and coil positioning over time. This has potential implications acrossareas
of MR image analysis, including perfusion measurements, functional imaging, segmentation, and co-registration.
Someanalysis techniques are designedto cope with thesee�ects, but often the approach is to ignore the problem
and assumethat consequent errors are small.

While averageintensity non-uniformities of 10-30%in standard headcoil data will a�ect visual diagnosisminimally ,
the accuracy of quantitativ e proceduressuch as co-registration, segmentation, and functional imaging can be
signi�can tly a�ected [4][8]. It is essential to develop a fast, robust method of compensating for un-modelled gain
changesacrossan image volume, reducing systematic error in quantitativ e measurements.

Several attempts at providing a preprocessingvolume gain correction algorithm have been presented in the lit-
erature. Fluid phantom models, while correcting for RF transmit and receive inhomogeneities,do not take into
account patient anatomy and orientation [5]. Methods requiring tissue classi�cation or modelling also require a
level of expert supervision, including the majorit y of those classedas automatic [6]-[9].

A method has beenrecently developed, N3, [4] which usesoptimisation to estimate the �eld correction assuming
Gaussianintensity distortions. While it providesa genuinely automatic non-uniformit y estimate, the N3 algorithm
still falls short at several levels. Although trivial in most images,the foreground needsto be segmented from the
background, thus making it di�cult for intensity correction of regions of interest where the signal drops to noise
level. The necessarilyiterativ e nature of the N3 method intro ducesbiasescausedby non-uniform noise levels in
the iterativ e images which are additiv e, not multiplicativ e. The approximately Gaussian nature of the �eld is
only estimated in head coil data and therefore may not be accurate for di�eren t anatomical regions or levels of
distortion. Subsamplingof the image is necessaryto reducethe computational time required for the algorithm.

Two techniquesare describedbelow for the correction of intensity non-uniformit y e�ects basedon the re-integration
of well measuredlocal derivativesand intensity ratios. Their accuracyhas beentested test on simulated data sets.
The techniquesare fast and, unlikesomerecent techniques,makefew assumptionsregarding the expectedfunctional
form of gain distortions. The algorithms are designedto be robust and to reduce the anticipated e�ects tissue
boundaries, imagenoise,and integral wind-up. Their useon real data setshas beendemonstrated, illustrating the
value of such a procedureon a wide range of quantitativ e MR image analysis problems.
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3 MA TERIALS AND METHODS

The statistical framework for the inter-slice non-uniformit y correction algorithm is the identi�cation of a smooth
underlying trend in the data asdistinct from additiv e noiseor scenestructure. If this multiplicativ e distortion can
be reliably calculated in well measuredregions, it is a relatively straightforward task to interpolate the observed
trends acrossthe entire image. For this work we assumethat the image content is due to a mean regional tissue
grey levels, gt , a spatially varying multiplicativ e gain, G(x; y) and additiv e noise n(x; y). The resulting image
intensity is therefore

I (x; y) = gt G(x; y) + n(x; y): (1)

The gain estimation algorithm is as follows:

� estimation of additiv e image noise

� estimation of normalised local intensity gradients @I =@x
I and @I =@y

I

� estimation of smooth local derivativesusing statistical averaging

� re-integration of derivativesto determine a `relative' gain map C(x; y)

� computation of the `true' gain map G(x; y)

This processwill be described in detail below.

The algorithm for determining intra-slice intensity variation is basedon the robust estimation of consistent slice-
to-slice relative intensity shifts.

All components of the intensity non-uniformit y algorithms described have beenwritten in C on a Sun UltraSparc
using LINUX. The method has been integrated into the TINA image analysis software and is available as open
source[11]. The patient data was acquired using a Philips ACS-NT 1.5 Teslascanner.

3.1 NOISE ESTIMA TION

Before any intensity non-uniformit y can be estimated, the level of noise in the image, � I , must be determined. A
(� 1; 0; 1) template is implemented to estimate the gradient acrossa voxel in both x and y directions. The gradient
histograms are iterativ ely windowed with respect to their width to remove outlying edge e�ects. The average
standard deviation from the cropped gradient histograms provides a robust estimate of noise in a given image.

3.2 INTER-SLICE NON-UNIF ORMITY CORRECTION

Smooth intensity variations within an acquisition slice are mapped using the weighted re-integration of relative
intensity gradients. The noise in an individual slice is determined before a 3x3 median �lter is passedover the
voxels to remove outlier noisewhile maintaining gradient distortions and edges.A (� 1; 1) template has beenused
to estimate the intensity shift acrossadjacent voxels � k (x; y). x and y are the in-slice voxel coordinates, and k is
the gradient direction, x or y. An option of placing an upper limit in units of statistical edgesigni�cance, n � Ip

2
,

on gradients is provided. This reducesedgestrength e�ects in the �nal inhomogeneity mask for tissueswith large
partial volumeregions(i.e. grey and white matter mixing in the brain). For headcoil imagesstudied, n = 2 appears
su�cien t. It has not beennecessaryto constrain the edgesin any other anatomical image sequencestudied. Once
the gradients are determined, they are normalised to remove tissue dependency, gt , within homogeneousregions.
In the caseof the x-direction we de�ne

� r el
x (x; y) =

@G(x; y)=@x
G(x; y)

=
2� x (x; y)

I (x; y) + I (x � 1; y)

=
2(I (x; y) � I (x � 1; y))

I (x; y) + I (x � 1; y)
: (2)

In order to determine a statistically meaningful estimate of local smooth, relative gain variations each normalised
gradient value is weighted with the di�eren tial error derived from equation 2.
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Figure 1: This surfaceshows weights calculated from two adjacent voxels with intensities in
units of noise. The �lled region lies below the weight limit of � r eg. The signi�cance of low
weights is reducedby combining their gradient calculation with the constraint of minimum
gradient with maximum error.

� � 2
x (x; y) =

(I (x; y) + I (x � 1; y))4

16� 2
I (I (x; y)2 + I (x � 1; y)2)

(3)

A conservative approach to boundaries between tissues and regions of low statistical accuracy has been taken.
Voxels with low signal, I (x; y) < � I , or those with edges> n � Ip

2
, in imageswith large regions of partial volume,

have this weight, 1
� 2

k
, set to 0. No con�dence is taken in the information available at thesepositions.

A further weighting factor takesinto account the prior expected dependencyof local gradients due to smoothness.
The � r el

k imagesare passedthrough a smoothing �lter S. Though the speci�c shape of the smoothing kernel is
relatively arbitrary , two applications of an exponential I IR �lter is a computationally e�cien t approximation to
smoothing with a radially symmetric Gaussian�lter. This �lter has the characteristic of being a band pass�lter
in the Fourier domain and is thus a well posedmethod for enforcing smoothnesson the reconstructed solution.
The appropriately weighted mean estimate of smooth local relative gradient is given by

� S
x (x; y) =

S 
 � r el
x � � 2

x (x; y)

S 
 � � 2
x (x; y)

: (4)

where 
 represents a 2D convolution. The weighting reducesthe signi�cance of poorly measuredgradients during
convolution, after which they are removed by division. For an imagewith uniform intensity in homogeneoustissue,
equation 4 is zero for all voxels in a slice. This can be used as the basis for a regularisation term to provide
increasedmathematical stabilit y. � S

x becomes

� S
x (x; y) )

S 
 (� r el
x � � 2

x (x; y) + 0r eg)

S 
 (� � 2
x (x; y) + � � 2

r eg)
: (5)

The factor � r eg is calculated at I (x; y) = I (x � 1; y) = 3� I as in �gure 1. This upper limit on the error constrains
the e�ect of any voxel with large error in their gradient calculations. However, the bias intro duced towards zero
gradient in regions dominated by noise necessitatesa limited number of iterations of the gain correction process
in order to convergeon the correct value of local gain variation.

Equation 5 should provide a map of the smooth intensity gradients in an image in the x direction. In order to
produce a two dimensional image of the inhomogeneities,the x and y gradient maps are re-integrated to form the
relative gain image, C(x; y). The centre of the image, contained in the region of interest for most MR analysis, is
usedas a referencepoint of unit y gain about which to construct the full solution.

Integration of noisy data sets can potentially lead to a problem generally re�ered to as an integral wind-up of
error. We have designeda technique to attempt to control this processand improve statistical accuracyby making
useof the redundant information available from both directions of re-integration. Integrated slopesalong x and y
axesoriginating from the centre of the imageare calculated. The algorithm then integrates both clockwise around
the quadrant boundary cq and outwards from the centre co. The gradients along the axesare used to anchor the
clockwiseslope with the assumptionthat any integral windup is linear within a quadrant. We work with quadrants
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Figure 2: Fig Double re-integration paths for a voxel is shown (shaded). The coloured paths indicate multiple directions of integration.

Each voxel uses the previous voxel as a reference point.

so that if any one part of the image is not correctable by a �nite gain (due to very low signal levels) this will not
a�ect the others. The boundary integration processcan be written as

cl = ls +
lX

0

� S
l (6)

where l is the position of the voxel in the quadrant and s is the correction derived from the axis gradient such that

co(0; y) � cl (0; y) = 0 (7)

Having gained this consistency, the two estimates of gain are then simply averaged(on an assumption of equal
accuracy) at all points excluding the diagonals.

C(i; j ) = (cl (i; j ) + co(i; j ))=2 (8)

A schematic of the re-integration is shown in �gure 2.

The inverseof the exponential of the resulting inhomogeneity map provides the multiplicativ e correction to a given
image (App endix A).

At present the user needsto provide the algorithm with two values: a limit on edgestrength and the size of the
smoothing kernel. For images acquired with a head coil, an edge limit of 3� Ip

2
to safeguardagainst grey/white

matter partial volume e�ects is su�cien t. No other imagesstudied appeared to need an edgestrength limit. A
smoothing kernel of 5% of the image size is a good rule of thumb acrossthe imagesstudied.

3.3 INTRA-SLICE INHOMOGENEITY CORRECTION

Segmentation studies have shown that the brain is dominated by regionsof mixed white and grey matter tissues
which contribute to inaccuraciesin the location of the white matter peak. Slice-to-sliceinhomogeneity correction
methods for head coil imagesrelying on white matter intensity distributions are marred by partial volume e�ects.
Adjustments to the RF gain for individual slices in a volume, to optimise signal-to-noiseratio, cannot generally
be expected to have a simple linear behaviour. The correction for intra-slice inhomogeneity presented below uses
information gained from regionsof relatively homogeneoustissue in contiguous or co-registeredvolumetric slices.
It is applicable to any region of anatomy and any shape of gain drift.

For intra-slice inhomogeneity in a volume, the central image is used as a referenceto which every other slice is
corrected. A slice is always comparedto an adjacent neighbour, creating a chain of relative correction factors. For
time coursestudies, such as functional MRI, equivalent anatomical slicesare processed.

A 3x3 median �lter is passedover two adjacent imagesto reducenoisee�ects. The slicesare thresholdedon 3� I to
remove the e�ect of noise. Edgesare thresholded at 3� Ip

2
, sinceedgesare inconstant acrossadjacent images. With

the poorly measuredvoxels masked, the natural log of the quotient of remaining intensities is taken to produce a
symmetric distribution (seebelow).
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F i;j = ln
I cor r

i;j

I r ef
i;j

(9)

F i ;j is binned in an odd number of statistically signi�can t bins. For imageslarger than 128x128,51bins is su�cien t.
A parabola is �t to the heights, hk , of the three central bins.

Corr =
hc� 1 � hc+1

2(hc+1 + hc� 1) � 4hc
+ C (10)

C is the position of the central peakand Corr is the correction to ln I cor r . A perfectly uniform pair of imageswould
produce Corr = 0. Multiplying the un-normalised image by exp� C or r brings the image closer to normalisation.
Iteration of this processremovesthe signi�cance of the parabolic assumptionsothat the correct solution is obtained
provided only that the distribution is symmetrical. To reducethe e�ect of error accumulation, the correction factors
are estimated for each adjacent slice pair before they are multiplied to normalise the volume to the central slice.
The processis iterativ e, converging on a parabolic �t, symmetric around the central bin.

4 RESUL TS

4.1 INTRA-SLICE STUDIES

Both patient and computer generatedimageshave beenusedto test the 2D gain estimation algorithm. A checker-
board with 1% noise has been used in the intra-slice inhomogeneity studies (Figure ??). A double Gaussian
distortion is used to increaseintensity in regions by as much as 50%. The correction map from one application
of the intra-slice algorithm is shown. The standard deviation of the bright regions in the corrected image is 3.67,
while the averagestandard deviation of bright regions taken individually is 1.37 (c.f. � I = 1:11). Due to the
isolation of the individual squares,the algorithm corrects the checkerboard in plateaus. Therefore while the over-
all non-uniformit y is 3%, the local non-uniformit y is of the order of noise at 1%. The double peaked corrected
distribution illustrates the tight localiseduniformit y.

In addition to this geometric phantom, a phantom head coil image was generatedfrom real data using a partial
volume �tting method basedon the principles of Bayesianlabelling of MR data found in [10]. Using this technique
it is possibleto reconstruct a composite phantom image from tissue probabilities which is almost identical to the
original scan. The brain phantom as beenmultiplied by a single Gaussiandistortion varying the image intensity
by 80%. Noise of 20% white matter signal is added. This severity of non-uniformit y has beenchosento illustrate
a worst casescenario, with the signal dropping to noise level. After 5 iterations, the correction map contains
a maximum of 2% gain correction. The iterations are necessarydue to the inhomogeneity of the tissue in the
phantom brain.

Regionswith white matter content above 85%are masked o� to identify reasonablypure white matter voxels. The
widths of the distorted, corrected,and original white matter distributions are comparedin Figure 4. The standard
deviation of the white matter distribution is combined with the calculated noisefor a conservative estimate of the
error of white matter identi�cation. The error on the corrected image, � c = 42, is 68% of that of the distorted
white matter peak, � d = 61, and 76%of the original distribution, � o = 55. The improvement on the original width
is potentially due to the 10-30%gain drift found in most headcoil images. Sincethe phantom wasgeneratedusing
probabilit y �tting from real patient data, this gain drift hasnot beenpreviously removed. The noisein the original
image is measuredat � I = 45, placing the error on the corrected white matter peak within the level of noisein the
image.

Patient head coil images of Inversion Recovery, Variable Echo, T1, and TOF angio sequenceswere tested with
the algorithm and all converged to � 2% gain map correction within 5 iterations of the intra-slice algorithm. In
addition to headcoil data, surfacecoil shoulder, spine, choclea, skin, and orbit imageswereprocessedto check the
potential of the improvement to visual diagnosis. All showed marked improvement after oneiteration. An example
of the improvement is shown in Figure 5.

4.2 INTER-SLICE STUDIES

The probabilistic brain phantom is also used in inter-slice studies. Identical slicesare multiplied by a sinusoidal
gains ranging from 50% to 150%intensity of the image. Random noise of 20% of white matter peak intensity is
added to each of the imagesin the series. One iteration of the inter-slice correction varies by an averageof 1.3%
from the true gain correction. In addition to this phantom sequence,patient data from a T1 brain and shoulder
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Figure 3: One iteration of the intra-slice inhomogeneity algorithm locally corrects for the distortion to the level
of noise. a) deformed checkerboard, b) corrected checkerboard c) true checkerboard, d) e) and f) pro�les across
the diagonal of the image, g) true simulated inhomogenaety h) estimated inhomogenaety i) histogram of corrected
image grey levels.
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Figure 4: The distorted brain phantom white matter distribution is improved beyond the original distribution by
the intra-slice algorithm. a) distorted image ,b) corrected image, c) original image, d) e) and f) corresponding
histograms, g) applied distortion, h) estimated distortions, i) white matter segmentation.

Figure 5: The intra-slice non-uniformit y correction algorithm has the potential to improve visual diagnosiswith
surfacecoil imagesas demonstrated here with original and corrected imagesfor a range of data types.

MR imagesare shown in Figure 6. After 4 iterations for the head coil data and 2 iterations of the shoulder data,
the correction has converged.

In addition we have used this correction technique to adjust the relative normalisation of data in fMRI analysis.
The conventional analysis approach involves correlation of a temporal data set with a speci�c stimulus response
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Figure 6: FIG The non-uniformit y correction in z converges rapidly PUT IN ERR ORS

function [1]. Random gain variations betweendynamic acquisitions superimposesa random noiseprocesson the
grey level values,over and above the normal MR random noisemechanisms[Figure]. This e�ect is often corrected
by use of an assumedlinear model, which would be clearly inappropriate for this data [2]. This degradesthe
abilit y of a correlation analysis to distinguish betweenrandom noiseand a genuine signal correlation. Correction
for the random gain variation before correlation analysis has beenfound to improve the separation of signal from
background by approximately 0.1 on a conventional Z scorestatistic on our scanner. This is statistically equivalent
to increasing the length of the original temporal sequenceby 50 %.

The computational requirements of both directions of normalisation is comparable. On a Sun Ultra5 workstation,
each processrequires 6 secondsCPU time per 256x256slice. The time is linearly related to the square of the
voxel dimensions in the image. Anatomical regions with large areas of homogeneoustissue require one pass of
the intra-slice algorithm. Imageswith large �elds of partial volume tissue (i.e. white and grey matter mixing in
head coil images) may require iteration to achieve the sameintra-slice accuracy. No more than 5 iterations were
necessaryon any head coil imagesstudied to reducethe correction map to voxel adjustments of � 2%. All image
volumesstudied convergedto < 1% within 4 iterations of the inter-slice algorithm.

5 DISCUSSION

Our method for intensity non-uniformit y correction is anatomically independent, not relying on tissueidenti�cation
or any assumptionsof RF coil modelling. No optimisation algorithm is implemented, and therefore, there is no
risk of the correction bottoming out in a false minimum during the �t. No reduction in resolution is required
to achieve a reasonableprocessingspeed. From the studies performed, this method seemscapable of correction
a broad spectrum of non-uniformit y for a wide range of anatomies, irrespective of the image's content. The
assumptions on which this algorithm is designedare that MR images are composed of regions of homogenous
tissuesand discontinuous boundariesbetweenthem. This is su�cien tly general that it would even be expected to
be a reasonableapproximation in pathology. We believe that the algorithms successis simply due to careful use
of appropriate statistical waiting during the computation process. This is used in order to control the e�ects of
noiseand sourcesof inaccurate data such as edges.We were also careful to try to designthe technique in order to
eliminate e�ects of integral wind-up of errors during integration. However, such e�ects have actually beenfound to
be very small, and we believe that this is becausethe errors in local gradient estimation are actually anti-correlated
in such a way that they largely cancel out during re-integration. Also, although the algorithm is iterativ e it has
more in commonwith relaxation than optimisation and is not e�ected by local minima, converging stabilit y within
a few iterations.

At present, the inter-slice correction algorithm is fully automatic and requiresno input beyond an initial automatic
noisecalculation. Again, we attribute the successof this algorithm to careful attention to statistical characteristics
in the data and a designintended to engenderstatistical robustness.The assumptionsof the algorithm only require
that the distribution of estimatesof relative gain between the two adjacent data sets be symmetrical around the
peak in order to achieve correct convergence.This is a very weak assumption which may be expected to hold for
a broad range of data sets. The intra-slice correction requires two input parameterswhich must be de�ned before
the algorithm is implemented. The choice of smoothing kernel dimensionsappears to be directly related to the
size of the image itself. A limit on the edgecuto� appears only necessaryin head coil images with white and
grey matter mixing where there is little genuine homogeneoustissue. This also appears to be standard at

p
2� I .

While present implementation of the algorithm in quantitativ e analysis may reveal limitations to theseparameter
choices,there is no needfor expert supervision of the intra-slice correction at this time.
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The algorithms mentioned are integrated in a freeware medical imaging package,TINA, [11]. Both the complete
executableprogram and sourcecode are available on the web.

App endix A

An MR image is assumedto be composedof local regions of tissue R t with mean grey level value gt , a smooth
multiplicativ e �eld, G(x; y), and additiv e noise,n(x; y). The resulting image intensity is therefore

I (x; y) = gt G(x; y) + n(x; y): (11)

Considering the noise-freecase,the relative gain changein x (or y) is

@I =@x
I (x; y)

=
gt @G(x; y)=@x

(gt G(x; y))
=

@G=@x
G(x; y)

: (12)

Integration of equation 12 along any path S from s0 to s = (x; y) can be written as
Z s

s0

@G=@s
Gs

ds =
Z s

s0

@G
Gs

= [log(Gs)]s
s0

: (13)

De�ning log(Gs0 ) = 1 givesthe true gain variation relative to the starting point of the integration.

G(x; y) = Gs = exp(
Z s

s0

@I =@s
I s

ds) (14)

For a gain imagelimited to low frequenciesthe local estimatesof relativegain changecanbereplacedwith smoothed
appropriately weighted meanestimates,� x . This forms the basisof our computational approach to the integrated
estimate of relative gain change,C(x; y). The correction map to the estimated G(x,y) is therefore

�G(x; y) = exp� C (x;y ) (15)

App endix B

It has now beenalmost a decadesincethe algorithm presented in this paper wasdeveloped. Following publication
we continued to apply the algorithm in analysis tasks and this inevitably drove a requirement for more accuracy
and reliabilit y. These developments were often subtle, and therefore could not becomethe focus of additional
publications. As a consequencethe softwaredistributed from our website (www.tina-vision.net) contains numerous
embellishments to the algorithm as presented in this paper.

The �rst major development was made following the observation that the correction map was often very unstable
in very low noisesituations. Increasingthe regularisation term often prevented accurate inhomogeneity estimates.
Upon investigation we concludedthat the simple (non-statistical way) that the integrabilit y constraint wasenforced
did not take correct account of measurement imprecision. We therefore modi�ed the algorithm to apportion the
correction for integration consistencyproportional to the accuracyof the estimated relativederivatives. This solved
part of the accuracy issues,but geometric e�ects were still sometimesvisible along the diagonal in images,as that
was the direction in which the integration consistencycheck was least e�ectiv e. In order to investigate this issue
further an alternativ e algorithm wasdeveloped which implemented the samealgorithm but applied the integration
constraint along the diagonalsof the image. We found that best results were obtained when we took an average
of the two alternativ e correction maps thus obtained. We did not believe that this level of modi�cation warranted
an additional publication.

In our next pieceof published work we decidedto investigate the idea that information measurescomputed from
imagehistograms, could be usedas the basisfor determining the �eld inhomogeneity. This wasdonein the context
of trying to validate the overall e�ectiv enessof the process1. We concluded that entropy measuresare almost
certainly inappropriate for this task (both empirically and theoretically). The theoretical foundation for use of
entropy measuresin estimation processesappearsto as
a wed,and a data set started from the know correction map

1The work followed the rather negative evaluation of our algorithm published by Bostjan Lik ar (ICPR 2000), who erroneously
applied our software to datasets which had both a multiplicativ e scaling and origin o�set. When we asked for a copy of his software so
that we could perform our own comparison he declined. His main claim was that the entrop y based approach he had developed work
best of all those algorithms tested. This led us to investigate the approach for ourselves.
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moves to a radically di�eren t solution when optimising the entropy basedinformation score. We also concluded
however that the most sensible�gure of merit for correction assessment, and the oneconsistent with our algorithm,
is a robust measureof non-zero image slope (seeTina memo 2002-002). We therefore employed this alternativ e
measureas a way to control the total level of correction applied to an image at each iteration of the algorithm. As
the original version of the algorithm wase�ectiv ely `open loop', this improved both the convergenceand reliabilit y
of the method.

Following thesemodi�cations the method was more reliable, but sometimeslacked stabilit y in low signal images.
For this reasonwe extendedthe method so that we could usetwo alternativ e MR imagesas input. The idea here
is that by choosing two protocols where the �eld inhomogeneity is expected to be equivalent, we can supplement
the lack of signal from low signal regions with inhomogeneity estimates from the other image. Clearly, the best
pairing of such imageswould be those which had contrast reversal. The largely statistical designfor the derivative
estimate step for the original work made this extension relatively straight forward (Tina memo 2007-003). This
approach is demonstrated with datasets in the downloads available from our website.

After a decadeof modi�cation, debugging and testing, We have found that the new version of the algorithm is
quite reliable, except for those datasetswith large quantities of partial volume data and therefore do not conform
to the assumeddata model. Unfortunately , this includes many of the thick slice brain scansacquired in clinical
collaborations for which the method wasoriginally intended. We have therefore often opted for acquisitions which
minimise the e�ects of �eld inhomogeneity on segmentations (measuredusing this algorithm), or correction via
other means. In particular, deviations from an assumedtissue density model can be determined directly using
multiple acquisitions (seeTina memo2004-009).We have not yet seenthe technique work correctly on any images
from a 3 Teslascanner.
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