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Abstract

A Bayesian probability based tissue segmemation method is preseried, which makes use of the
grey level information in the imagesand alsothe local grey level slope. The grey level distributions are
modelled asa combination of Gaussiandistributions and triangle-Gaussiancorvolutions. The local grey
level slope distribution is modelled as a linear combination of Rician distributions. The parametersare
“tted and usedto provide the information required to constructed a Bayesiantissue classi er. Results
preseried for a synthetic data setillustrate that the model distributions describe well the distribution
of grey levels and local grey level slope in a 2D image. Application of the method to an MR image
of a human brain demonstrate how the segmemation method remaoves commonly occuring artifacts in
partial volume probability maps.

Summary

This work addressedhe problem of partial volume estimation, where a mixture of two or more tissuescombine to
producethe imageintensity value for a particular voxel. Bayestheory is usedto generateprobability mapsfor eath
segmeted tissue which estimatesthe most likely tissue volume fraction within ead voxel as opposedto previous
approaceswhich attempt to compute how likely it is that a certain grey level would be generatedby a particular
tissue class. Overall, the importance of this method lies in improved image segmemation basedon a probabilistic
approad, thanks to inclusion of a partial volume model and availablity of more clearly de ned tissue separation
through use of image derivatives.

The requiremerts for partial volume analysis have previously beenindenti ed by Laidlaw [1] with suggestionsfor
a lessgeneral framework. A method for combined multi-image segmetation and eld inhomogeneitiescorrection
within an EM framework have beensuggestedby Wells [8]. In previous work we have demonstrated the value of
partial volume approacesusing single imagesfor longitudinal developmert of tumours.

In addition some of this work has attempted to modify the essetialy Bayesian formalism to accourt for local
structure, such as boundaries, by using local prior estimatesbasedupon a local resampling of data. In the work
preseried herewetake an alternativ e view that local information regardingimagestructure canbeincluded directly.
The Bayesian modelling can be modi ed to include local image derivatives as well as grey levels using only the
same assumptionsunderlying the standard approaches. The method makes use of results from analysis of noise
processesn magnitude MR imageswhere the noisedistribution and computation are directly analogous.

Our new approad makesuseof the grey level information in the imagesand alsothe local grey level slope. The grey
level distributions are modelled asa combination of Gaussiandistributions and triangle-gaussiancorvolutions. The
local grey level slope distribution is modelled as a linear conmbination of Rician distributions. The parametersare
“tted and usedto provide the information requiredto constructed a Bayesiantissueclassi er. Resultsare preserted
for a synthetic data setillustrate the ability of the model distributions to describe the distribution of grey levels
and local grey level slope in an image. Further results obtained from an actual MR image of a human brain
demonstrate how the segmemation method can remaove commonly occuring artifacts in partial volume probability
maps. In low cortrast situations, this approac e®ectiely doubles the information avalable for partial volume
estimation and improvesthe accuracy

The devisedalgorithm hasbeenimplemented and tested on simulated image data (a fraction of which is presened
hereto illustrate the calibration processesWe then demonstrate the e®ectson the new partial volume estimation
processon an inversion recovery turb o spin-eto image of the brain.



Intro duction

For animagecontaining only afewtissues,resonablesegmemation (forced choice) canbe achievedfrom a knowledge
of the distribution of the grey levels [1]. Sudc segmemations however can be quite inaccurate and are often
supplemerned by local smoothnessassumptionsor noise Ttering. These methods are not basedupon justi able
assumptionsregarding the image formation processand bias partial volume estimatestowards pure tissue classes.
A major motivation for this work is the needfor a reliable method to determine a volumetric value for the contents
of eadh voxel in MR data. Such measuremeh is necessaryto accurately determine the structural volume and
is also useful to correct the metabolite concerration maps produced from chemical shift imaging. In the latter,
partial volume e®ectscan lead to apparert anomolousvaluesin what should be normal grey matter and white
matter. In previous work we have found that the contrast to noise separation between tissuesis quite poor. If
more than three tissuesare presen it is necessaryto examine the distribution of the grey levelsin two or more
co-registeredimagesin order to achieve 10 % or better volumetric estimation accuracy [2]. In much work regarding
probabilistic analysis of voxels contents, the assumption that there is a negligible occurenceof pixels with partial
volume mixtures is often made and only pure tissuesare modelled. In fact, Laidlaw, [1], Noe [3] and our own
work [4], [5] have all demonstrated that this is inadequate, especially with respect to MR imagesof the brain.
In addition some of this work has attempted to modify the essetially Bayesian formalism to accourt for local
structure, such as boundaries, by using local prior estimatesbasedupon a local resampling of data. The freedom
to take sudh a step is linked to the classic problem of identifcation of prior probabilites in Bayesian methods.
Howevwer, in the work preseried here we take an alternativ e view that local information regarding image structure
canbeincluded directly. The Bayesianmodelling can be modi ed to include local image derivativesaswell asgrey
levels using only the sameassumptionsunderlying the standard approades. This leavesthe prior probabilities to
be determined separately (according to the task). In low cortrast situations, this approac e®ectiely doublesthe
information available for partial volume estimation and improvesthe accuracy

Metho d

The probability that a pixel may be assigneda speci ¢ tissue classi can be written as P(ijg;s). This is the
conditional probability that the data were generatedby processi given the grey level g and the local grey-lewel
slope (square-root of the sum squaredderivatives)s. From Bayestheory the conditional probability can be written

as . .

P()P(g;sji) .
i P()P(g;sji)
In this expressionP (i) are the prior probabilities of the tissue class, P (g; sji) is the likelihood of the grey level g

and the derivative s given a tissueclassi and P(g; s) is the joint likelihood of the instance of data g,s. Taking into
account the non-independenceof the grey level and slope probabilities it is possibleto write

P(g:sji) = P(dil)P(sig:i): )

where P(gji) is the expected distribution of grey levels for ead classand P (sjg;i) is the expected distribution of
slope values as a function of grey level for ead class. We show below how it is possibleto construct appropriate
models for theseterms for poth pure and partial volume tissue classespasedupon the standard noisedistribution
(uniform independert Gaussian)assumedfor MR data.

P(ijg;s) = (1)

In common with a number of other piecesof work regarding tissue segmetation [1], [3], [6], [7], [8], the grey
level distributions are consideredto be Gaussianwith a mean! and a variance ¥#.

PL(O) = P exp 7 )
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Herethe superscript i identi es the tissueclassand g is the the grey level at a given pixel. To model the distribution
of the grey levelsassaiated with the partial volume regionsthe corvolution of a right angledtriangular distribution
and a Gaussianare used. The distribution is normalised to % becauseit represerts the cortribution of one tissue
componert to a tissue mixture. It is therefore complemened by a secondtriangular distribution with equal size
but a negative gradient. The total distribution is equivalert to a rectangular distribution asusedby other authors
but the relative componerts of tissuein the mixture are more readily determined. The convolution takesthe form

i Mg+ C gi b, . gi a,. M¥% SCTHOLN . (g1 a)?
Per(9) = i =5 —ferf (S) i erf (S5)gi pfexpl "= i expl "= g (4)



Where erf is the single sided error function, M and C are the slope and intercept of the triangle and a and b are
the limits of the triangular distribtion. The full grey level distribution of a tissue (P (gji) above) is modeled as a
linear combination of Gaussiandistributions for the pure tissue and the appropriate Gaussian-triangle corvolution
for eath possiblepartial volume mixture.

To model the distribution of the grey-lewvel slope (P (sjg;i)) it is necessaryto considerthe method of determining
the slope. Firstly the square of the di®erenceof the grey-level values of the two pixels adjacent to the pixel
of interest in the x-direction is determined and likewisein the y-direction. The grey-lewel slope is then taken
to be the positive squareroot of the sum of the g and s square gradiert values. An analogoussituation (with
equivalent noise distributions) is encourtered in formation of magnitude MR imagesfrom the square of the real
and imaginary images. In this caseit has beenshown that the noisein theseimagesis distributed according to
the Rician distribution [9], [10]
. (22 A?
Prie(2) = oo expl o 10577 (5)

where, Io(’i/T;‘z) is the modi ed zeroth order Besselfunction of the rst kind, 3is the standard deviation of the
Gaussiannoisein the original imageand A is the pixel valuein the absenceof noise. The probabilities corresponding
to pure tissue cortributions can be calculated from

P(sji) = Pray(S; Z%‘“%i) (6)

as expression(5) reducesto the Rayleigh distribution, a Rician distribution with A = 0. For partial volume
data there is not one single mean slope value A, but a range of possiblevalues depending upon proximity to the
boundary. We must therefore write down the partial volume slope distribution with the mean as a function of g,
A(9).

P(sig;i) = Price (S:9;A(9); %) )

for the partial volume distribution betweentissuesi and j. We can now write equation 2 as;

) 3, . X ;
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The global likelihood for a given g and s is simply the sum of such probabilities for ead tissue class. The only
additional componert for this model which doesnot follow directly from standard assumptionsis A(g) which must
be determined empirically.

Results

In order to test the proposedsegmemation method it wasnecessaryto generatesynthetic images. Contrast to noise
ratios (CNR) were chosenwhich were in the samerange as clinical data. The synthetic image is shavn in Figure
1 (a) together with its slope image ('gure 1(b)). Figure 1(c) shaws the scatter plot of the dependency of slope
(y-axis) on grey-lewel (x-axis). The slope distribution wasfound to be consistert with the model suggestedabove.
Results for "ts to the grey level marginal distribution of this data (circles) are shavn as the solid line in Figure
2 (a). Also shown are the separate componenrts of the partial volume and the pure tissue distributions (dashed
lines). Figure 2(b) shaws a typical result for a full "t (solid line) of the slope distribution (circles) for a limited

range of g, which were usedto determine A(g) together with the theoretical distribution for the certral g value.
In generalthis distribution can be accourted for as a linear combination of a Rayleigh and a Rician distribtuion

(shown as dotted lines). We have found that for the image formation processmodelled here the slope/greylevel
distribution A(g) (in equation 5) is e®ectiely a circular arc joining the meangrey level values(Figure 2 (c)). This
distribution can changeslightly depending upon the degreeof local smoothnessbut can always be calibrated by
the processpresened here.

Having con rmed that this model was also sensibleon real MR data (Figure 1(d)), we have constructed a three
tissueclassi er (grey matter (GM), white matter (WM) and cerebrospinal®°uid (CSF)) for brain data and compared
its performance to partial volume estimation based upon only the grey level. The main di®erencesbetween
volumetric estimates were found in the grey level volumetric probability map (Figure 3 (a) and (b), where the
simple technique demonstratesa thin line running closeto the edgeof the brain and around the edgesof vertricles.
Since the di®erencein the grey levels of CSF and of bone is large the gradient segmeiation method is be able
to distinguish this from pure grey matter. For grey matter white matter segmemation, when working solely
with the grey level distribution partial volume e®ectsare almost indistinguishable from noise. As a consequence,
the Bayesian volumetric estimate is always biased towards partial volume tissue estimates. By comparison, the
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Figure 1: Imagesfor a two tissue model and MR brain.

additional information provided by the gradient basedtechnique allows better separation of true partial volume
and pure tissue voxels. Figures 3 (a) and (b) illustrate the elimination of false pure tissues,particularly around the
margins of the skull. Figures 3 (c) and (d) illustrate the improvemen in partial volume estimation, where a much
clearer distinction has been obtained betweentrue pure tissue and partial volume (particularly in white matter).
Figure 3 (d) also provides a good illustration of the new techniquesability to extract the grey-matter white matter

interface.

(2) Grey Level Marginal Distribu- (b) Rayleigh plus Rician Model (c) Mean Value Dependency for
tion for Slope Distribution at Fixed Parial Volume Voxels
g.

Figure 2: Marginal Distribution ts.

(@) GM volumes from (b) GM volumes from (c) Partial GM/ WM (d) Partial GM/ WM
grey level technique. gradient technique. from grey level tech- from gradient technique.
nique.

Figure 3: Typical inversion recovery MR brain image and volume estimation.



Conclusions

In this work a method to utilise not only the grey level information but alsothe local grey level slope information
in a MR image was proposed. The method can be consideredas an alternative to both the assumption of local
regional smoothnessor local resampling of the prior probabilities, which have previously beensuggestedby other
authours [3, 1]. Unlike these methods, local information is used directly in a manner which is quartitativ ely
related to the image formation process. The new gradient technique was found to be applicable to imageswith
CNR that werefar below the levelsat which the grey level segmemation is unable to unambiguously classify tissue
mixtures. It should be noted however, in imageswhere the CNR is high and there is little partial voluming the
two methods provide almost identical results. Also the method preseried hereis strictly only accurate for 2D data
and modi cations may be required to the slope distribution for 3D. In previous work we have extended standard
volumetric estimation techniquesto multiple images. The inclusion of the local grey-lewvel gradient segmeimation
method into a multi-sp ectral algorithm o®ersa promising application for the method. The inclusion of the gradient
method adds one extra measuremen per image, which in theory could halve the number of required data setsfor
an accurate segmeration.

It isintendedthat this newtechnique will be usedto extend our previous method for the analysisof the distribution
of cerebral atrophy, to include grey matter volumes [11]. We are also using the technique to impove graphical
rendering of 3D MR datasetswhen using projection techniquessuc as marching cubes [12]. In addition we intend
to usethe technique to improve interpretation of metabolite maps returned from chemical shift imaging.
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