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Abstract

The automatic analysis of subtle changesbetween MRI scansis an important tool
for assessingliseaseewlution over time. Manual labeling of ewlutions in 3D data
sets is tedious and error prone. Automatic change detection, however, remains a
challenging image processingproblem. A variety of MRI artifacts introduce a wide
range of unrepresettativ e changesbetweenimages, making standard change detec-
tion methods unreliable. In this paper we describe an automatic image processing
system that addressesthese issues.Registration errors and undesired anatomical
deformations are compensatedusing a versatile multi-resolution deformableimage
matching method that presenessigni cant changesat a given scale.A non-linear
intensity normalization method is assaiated with statistical hypothesistest meth-
ods to provide reliable change detection. Multi-mo dal data is optionally exploited
to reducethe falsedetection rate. The performanceof the systemwas evaluated on
a large databaseof 3D multi-mo dal, MR imagesof patients su ering from relapsing
remitting Multiple Sclerosis(MS). The method was assessedising Receiver Op-
erating Characteristics (ROC) analysis, and validated in a protocol involving two
neurologists. The automatic systemoutperformsthe human expert, detecting many
lesion ewolutions that are missedby the expert, including small, subtle changes.
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1 Intro duction

The constart improvemern in spatial resolution and the availability of multi-
modal imaging hardware yields an increasingamourt of three dimensional
imagedata. Manual interpretation of hugeamourts of data is tediousand error
prone. A major challengefor medical imaging is the developmen of reliable
techniquesfor automatic detection of changes.Early detection of anatomical
modi cations enablesfaster diagnosis.Oncea pathology hasbeendiagnosed,
long-term monitoring of diseaseewlution is also essetial.

A direct comparisonbetweensuccessigly scannedmagesis generallynot pos-
sible. Patient position is newer idertical, acquisition parametersmay drift be-
tweenscans,and a variety of complexglobal or local deformationsof anatom-
ical structures may be obsened.

During manual change labeling, the expert implicitly usesprior high-lewvel
knowledgeto compensatefor someof theseundesiredchanges.He canvisually
correct for repositioning errors, and usesanatomical knowledge to idertify
and reject certain artifacts. Tedniques for identifying and correcting eah
important artifact sourceare thus necessary

This work is certered on image processingtechniquesthat correct thesearti-
factsand decidewhetheror not changesaresigni cant. The proposedapproad
is comprehensie and does not require any knowledge of the acquisition pro-
cessRaw MRI data that could be usefulto eliminate certain artifacts arethus
not necessaryThe approat may be applied to other changedetection prob-
lems, the artifacts addressedhere being commonto many medical imaging
devices.

The systemwas evaluated in the speci ¢ caseof Multiple Sclerosis(MS) le-
sion ewlutions analysis.MRI hasbecomea sensitive, objective marker of MS
ewlution over time. Serial multi-modal RARE, T1l-weighed (GE3D), and
FLAIR 3D MR imageswere obtained from 8 patients su ering from relapsing
remitting MS (Fig. 1). The performanceof the systemwas ewaluated on a
large (over 200) databaseof 128 3D MR images, using Receiwer Operating
Characteristics (ROC) analysis. The performancesof the automatic system
comparedfavorably with manual labellings provided by two neurologists.The
automatic systemoutperformedthe human expert for seeral casesxhibiting
small, subtle changes(seefor instanceFig. 2).



Fig. 1. Large ewlution of an MS lesionin 3 di erent modalities (FLAIR, RARE,
GE3D). The imageslabeled\2" weretakentwo months after the imageslabeled\1".

Lesion ewlutions of this size are easily detected by manual or automatic methods
(lesion is visible at crosshairs).

Fig. 2. Automatically detectedperivertricular MS lesionewlution. This subtle evo-
lution was missed (but validated a posteriori ) by the expert (view enlarged for
visualization).



2 Related Work

A variety of di erent approatesto changedetection in serial MRl may be
found in the literature. Existing approades,often dewted to particular issues
with speci ¢ tools, may be divided into two major categories.A rst cate-
gory correspndsto approadeslooking for large structural changes.Methods
from the secondcategoryfocuson smaller, more localizedchanges.An exam-
ple of large structural change detection is Smith et al. (2000), where global
brain volume changesare determined by estimating the motion of extracted
brain/CSF (Cerebro-SpinalFluid) boundaries.Here, we will considerthe de-
tection of small (evertually subtle) changes.Subtle changesare changesthat

are hard to detect by the human expert at rst sigh.

Another major divide in changedetection techniques,is whether oneis con-
sidering long time sequenceslike in fMRI, or short (typically two frames)
sequencesChangedetection on long time sequencesends to focuson signal
processingof the time seriesat a given spatial location of the 3D image set.
Sud an approad is employed in Gerig et al. (1999) for MS monitoring, using
statistical tests for change detection over the time series.Hereafter we will
considermethods that are able to processshort time seriesof two images.

Most changedetection systemsuseregistration asa preliminary stepto obtain
accurategeometricalalignmert of the imagesbeforeimage comparison.This
rst (optional) stepis generallyfollowed by an inter-image comparisonstep.

2.1 Inter-image registration

Rigid (rotational and translational) registration hasbeenusedin Hajnal et al.
(1995); Curati et al. (1996); Rey et al. (2002), but it doesnot compensatefor
the signi cant voxel size changesthat occur in commercial scanners.A ne

(scaleand shear)registration givesmore accurateresults (Freetoroughet al.,
1996;Lemieuxet al., 1998),but is not su cien t to compensatefor more com-
plex deformations that may occur. These complex deformations can be of
pathologicalnature (global brain atrophy (Smith et al., 2000)),may comefrom
natural causes(gravity (Hajnal et al., 1995), hydrostatic pressurechanges,
dehydration...) or be dueto acquisition artifacts (incorrect shim, gradiert cal-
ibration drift (Freeboroughet al., 1996;Smith et al., 2000)). To properly com-
pensatefor thesecomplexphenomenajt is necessaryto resort to deformable
matching methods, which are able to correct most large scaleartifacts, while
preservingsmall signi cant changes.Deformable matching is commonly used
for inter-subject matching (Togaand Thompson, 1999; Thompsonand Toga,
1999;Thirion, 1998)and computeddeformation elds have alsobeenusedfor



changedetection(seesection2.2.2).Howewer, deformablematching hasseldom
beenconsideredasa realignmer stepfor intra-patient change-detectionsince
deformableregistration may cancelthe small signi cant inter-image changes.
A solution, adopted here, is to consider hierarchical matching techniques,
which are able to register image structures up to a given conrolled resolu-
tion. In section3.5 we descrike an iterativ e registration procedure,deweloped
by the authors (Musseet al., 2001,2002),which enablessut an accurateand
careful compensationof artifacts.

2.2 Inter-image comparison

The secondstep in the designof a change detection method is to devisea
technique for comparing the two images.Three main families of approates
are considered.

2.2.1 Sementation-Basd Approaches

In the speci ¢ caseof lesionmonitoring, a rst approad is to manually, semi-
automatically, or fully-automatically segmen lesionsand then comparethem
to determine changes.

Manual outlining was useda few yearsago, but is an extremely time consum-
ing process, semi-automatedmethods werethen deweloped (Kohn et al., 1991;
Lim and Pfe erbaum, 1989;Mitchell et al., 1996;Vannier et al., 1985). More
recerly, automatedprocedureshave beenproposed(Kamber et al., 1995;Kiki-

nis et al., 1999; Goldberg-Zimring et al., 1998;Grimaud et al., 1996; Udupa
et al.,, 1997;Van Leemputet al., 2001).

Automatic segmetation of brain structures and MS lesionsremains a chal-
lengingtask. Large lesionsmay be adequatelyextracted, but small lesionsare
di cult to distinguish from noiseand other structures, particularly in modal-
ities where lesionshave the sameintensity valuesas other brain structures.
Oncelesionsare segmeted, their ewolution may be determinedby comparing
lesion load. These methods generally do not use prior inter-image registra-
tion, thereforepreciseevaluation of intensity ewolution within a lesionmay be
di cult.

2.2.2 Deformation Field-Basal Approaches

This secondfamily of approatesis basedon the estimation and analysis of
inter-image deformation elds. Deformable registration (Musse et al., 2001,
Thirion, 1998; Thompson and Toga, 1999), when performed at a su cien tly



ne resolutionlevel, will warp oneimageonto another, e ectiv ely cancelingout
most inter-image changes.The computed transformation then cortains inter-
esting information on the relative changesbetweenboth images.Speci cally,
lesionewlutions may appearascortractions or dilations in the inter-imagede-
formation eld. This approad is akin to optical o w interpretation techniques
usedin video image motion analysis (Mitic he and Bouthemy, 1996). Se\eral
di erent variants to this approad have beenconsidered Thirion and Calmon,
1999; Rey et al., 2002; Freelorough and Fox, 1998; Ashburner and Friston,
2000; Davatzikos et al., 2001). For instance,both Thirion et al. (Thirion and
Calmon, 1999;Rey et al., 2002)and Freeloroughet al. (Freetoroughand Fox,
1998) combine non-rigid deformation computation and ow eld analysisto
detect ewlving lesionsor to quartify measuremen of volume variations. The
Jacobian operator is usedto characterize local volume changesthat are re-
lated to ewlutions. Another related exampleis VBM (Ashburner and Friston,
2000; Davatzikos et al., 2001), where deformations of segmeted regionsare
analyzedto determineregional atrophy.

2.2.3 Direct Intensity Comparison

This last family of approatesrelieson a direct comparisonof intensities at
the voxel level or on small regions. These approades are comprehensie in
that they do not focuson a particular type of ewolution.

A rst step consistsin compensating for global intensity changes(intensity
normalization). This step may be conductedbefore and/or after inter-image
registration. Existing methods for intensity normalization apply linear inten-
sity correctionfunctions. We found, however, that intensity di erencesmay be
highly non-linearfor successie acquisitions(Fig. 7). In section3.6, we dewelop
an original joint histogram-basedechnique for compensatingsud non-linear
intensity di erences.

Onceimagesare realignedand intensities corrected, they must be compared.
This may be done using either a deterministic or a probabilistic approad.
Most methods usesimple deterministic imagesubtraction followed by manual
or automatic thresholds(O'Riordan et al., 1998). Probabilistic methods (Hsu
et al., 1984;Lemieux et al., 1998) build a statistical model of intensities and
noisethat is usedto determineif a valid changeis obsened.

The approad proposedhereis basedon a statistical changedetection sthheme
which extendspreviouswork (Hsu et al., 1984;Lemieux et al., 1998) by han-
dling multi-modal image data, using multidimensional Gaussian models of
imageintensities. A signi cant decreasef the falsedetectionrate is obsened,
with respect to standard single-malal approades.



3 Materials and Metho ds

3.1 Subjets

Image data was obtained from 8 patients su ering from relapsing remitting
MS. Imagesweretaken onceevery two months during a two year period. Each
exam consistedof imagesin three modalities.

3.2 Imaging

Isotropic 3D MR imageswere acquired with a standard 2 Teslawhole body
imager (Tomikon S200Bruker, Karlsruhe, Germary) usinga headtransmitter
and receiwer. Three scanswere performedat eath exam. The rst scanwasa
transverse3D RARE image (FOV = 25.6cm ; matrix size128x 128 ; slice
thickness2 mm ; inversiontime 1.3seconds)the seconda 3D uid attenuated
inversionrecovery (FLAIR) image (FOV = 25.6cm ; matrix size128x 128;
slicethickness2 mm) and the third, a T1-weighted 3D image (GE3D) (FOV
= 25.6cm ; matrix size128x 128 x 128). No attempt was madeto achieve
preciserepositioning betweenscansor betweenexams.

3.3 Image Processing: Overview

Our changedetection approad can be split into four main steps:

Brain extraction (section 3.4).

Repositioning and correction of deformation artifacts (section 3.5):
- Iterative a ne registration (section 3.5.3).

- Deformableregistration (section 3.5.4).

- Image resampling(section 3.5.5).

Intensity normalization (section 3.6).

Single or multi-modal statistical changedetection test (section 3.8).

Figure 3 summarizeghe di erent imageprocessingsteps,which are descrited
in the following paragraphs.All processingis fully automatic: no user inter-
vertion is required at any momert.

Eadh patient has beenimagedat se\eral (approximately 12) time-points. At
ead time-point three imagesof di erent modalities have beentaken (seesec-
tion 3.1). All of the imagesgo through the brain extraction and registration
steps. Time points are then coupled into succesie pairs: (exam-1,exam-2)
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Fig. 3. Flowchart shawing the di erent steps of the change detection method (see
text). For simplicity, only one modality is shown.

(exam-2,exam-3)... (exam-11,exam-12)Exam pairs go through the remain-
ing processingstepsand are nally compared.An imagedatabasemedanism
wasimplemerted in order to managethe largeamourt of imagesand process-
ing stepsinvolved.

3.4 Brain Extraction

The goalis to compareimageintensitiesat identical anatomicl positions. We
therefore explicitly chooseto ignore and compensatefor global brain volume
change.Besideswe have obsened signi cant brain movemen within the skull
on animations of rigidly-registered heads.We must therefore register brains
and not the surrounding skull and badkground noise,which would perturb the
registration.

The rst stepis thusto extract the headfrom badkground noise.The extrac-
tion doesnot needto be extremely accurate, but needsto be reliable, given
the large amourt of imagesthat will be processedThis rough segmetation
of the head is obtained using low level image processingtechniques: Otsu
thresholding (Otsu, 1979),erosionand hole lling.
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Fig. 4. Atlas-basedbrain extraction. The transformation eld betweenthe reference
image and the source(patient) imageis estimated using deformable matching. This
transformation eld is then usedto map the referencebrain segmetation (atlas)
onto the source(patient) image.

The secondstep consistsin extracting the brain (gure 4). An atlas-based
segmetation is usedto this end (Musseet al., 2002). The atlas is here a ref-
erenceimagethat hasbeenpreviously semi-automatically segmeted using a
watershed-baseapproad (Bueno et al., 2001). This referenceimageis regis-
tered onto the patient imagewe wish to segmen using deformableregistration
(section 3.5.4). Applying the resulting deformation eld on the atlas segmen-
tation provides the desiredextraction of the brain (Musseet al., 2002) (see
gure 4).

3.5 Repositioning and Correction of Deformation Artifacts

3.5.1 Overview

Automatic changedetection is extremely sensitive to mis-registration errors.
As noted by Lemieuxet al. (1998), in regionsof high intensity gradiert (suc
aslesionedges),positional shifts of lessthan .05 voxels may producespurious
detections.Thereforewe are clearly working in a sub-voxel cortext, which im-
pliesthe needfor high quality interpolation (section3.5.5)and a sophisticated
model for registration.

Convertional rigid (rotational and translational) or ane (scaleand shear)
registration are insu cien t for modeling the complex deformationsthat ap-
pear between MRI scans(seesection 2.1 for a description of these deforma-
tions). To correctthesecomplexdeformations,we usean iterative a ne image
matching method (section3.5.3), followed by hierarchical deformableregistra-
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Fig. 5. Referenceimagesusedfor the registration. The numbers (1,2,3,4) show the
chronological order of the registrations. Absolute referenceimages,aswell aspatient
referenceimagesare usedto provide accurateand reliable intra-patient intra-modal
and inter-modal registrations (seetext).

tion (described in section 3.5.4, (Musseet al., 2001,2002)) (seesection5 for
a full discussionon the trade-o s involved). Finally, oncethe full geometric
transformation is computed, the resulting imagesare resampledusing high
quality B-Spline interpolation (section 3.5.5, (Thevenaz et al., 2000)). Pre-
vious to ead registration step, linear intensity normalization was performed.
Fifth degreeB-splineinterpolation is usedfor all geometrictransforms, except
for intermediate (internal) registration stepswhich involve linear interpolation.
Indeed, we found that preciseB-spline interpolation was not necessaryduring
the intermediate registration steps, but was extremely bene cial in the last
registration step. This enablesto save computational time, while preserving
the quality of the nal sub-voxel registration.

3.5.2 Reference Positions for Registration

As noted in Smith et al. (2000), it is important that all imagesundergoequiv-
alernt processingsteps. If a given image of a patient was to be chosenas a
positional referencefor registering his own images,someimageswould un-
dergogeometricaltransforms, while the referencemagewould not. Therefore,
a common referenceposition is chosen,and care is taken so that the actual
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registration of the imagesof the dataset is done with reliable intra-patient
single-malal registration.

Images,in three modalities, belongingto a patient not in the databaseare
selected.Theseimagesare then carefully registeredon ead-other using a ne
multi-modal registration (gure 5 step 1). Thesethree imageswill be used
as absolute referencepositions for the whole database.Note that the intra-
patient multi-modal a ne registration assuresan accurate multi-modal t.
Particularly, it compensatesfor voxel sizeerrorsthat would not be addressed
by rigid registration.

The registration of a given patient time seriesis donein two steps. First a
set of three patient imagesof all three modalities are arbitrarily chosenasthe
patient referencesThesepatient referenceimagesare registered(using inter
patient single-malal a ne registration, step 2) onto their respective absolute
referencemages( gure 5). Inter-patient a ne registration may beinaccurate,
sowe ensurea tight inter-modal t, with a further multi-modal intra-patient
ane registration (gure 5 step 3).

The advantage of this sthemeis that we are now able to register the patient
imagesusing accurate and reliable intra-patient single-malal a ne and de-
formable registration ( gure 5 step 4). Moreover, all registeredimagesin the
multi-patient databasearein the same(absolute) geometricalposition.

In our current implemenation, all registration algorithms are voxel-based
and rely on the minimization of global energy (cost) functions , with stan-
dard sequetial simplexoptimization. Quadratic cost-functionsare considered
for single-malal registration and the mutual information criterion is usedfor
multi-mo dal registration.

3.5.3 Robustlterative A ne Registration

The deformableregistration step (gure 5 step 4) requiresa good initial t.
This initial t is obtained using a ne registration, which correctserrors due
to voxel sizedrift. Howeer, di erencesin the brain extractions betweentwo
imagescanleadto animportant biasin registration. To copewith this problem
an iterative adjustmert of the segmenation is embeddedin the registration
sheme.Ead iteration step is composedof an a ne registration followed by
a recomputation of the brain extractions. The new brain extraction is the
intersection of the brains of the registeredimages.In practice, it wasobsened
that brain extractions did not vary signi cantly after two iterations.
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3.5.4 DeformableRegistration

The deformablematching method (Musseet al., 2001,2002),is a hierarchical
(coarse-to- ne) registration processthat estimatesa parametric displacemen
eld decompmsedon multiresolution B-spline basisfunctions. At a given reso-
lution level, the method minimizesa quadratic energyfunction using modi ed
qguasiNewton optimization. The nal resolutionlevel may be chosenaccording
to the desiredscaleof the image structures to be matched. Stopping the al-
gorithm at a low resolutionlevel will correctlarge scaledeformationswhereas
cortinuing to higher resolutionswill progressiely compensatefor smaller dif-
ferencesdbetweenthe registeredimages.The choice of the adequateresolution
level is discussedn section5.

3.5.5 Resampling

As noted previously high quality, sub-voxel registrations are required. We
thereforeneedan e cien t interpolation strategy. The theoretically perfectsinc

interpolator must, in practice, be truncated. This givesincorrectresultsand is
computationally ine cien t. Many interpolation methods have beenproposed
(Lehmannet al., 1999).Recetily, Thevenazand Unser(Thevenazet al., 2000)
have proposednewinnovative and e cien t interpolation techniques.Tradition-

ally, interpolation is expressedas the reconstruction of a cortinuous domain
imagel (x) from a sampledimagel usingan interpolating function i (sinc

for example):

X
I (x) = e it (X K) (1)
k2273

Here, |« are the valuesof | (x) on a discretegrid of points. The problem was
reformulated in Thevenazet al. (2000) as:

X
I(x) = G (x k) (2)

k2z3

where the ¢, are computed coe cien ts that are no longer the exact values
of the image on the discrete grid, and therefore no longer needsto be a
strictly interpolating function. This change of perspective leadsto new, fast
and high quality interpolation sthemes.The interpolation is decommsedinto
two stages,a fast recursiwe pre ltering stage,and a convertional interpolation
phaseusing a non-interpolating kernel. In our change detection framework,
a global geometrictransform is computed by composing the transforms com-
puted during the ane and deformable registration steps. A 5 degreebox
spline kernel (Thevenazet al., 2000) is usedin the last deformableregistra-
tion step.
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3.6 Intensity Normalization

Image intensity of idertical tissuesmay changebetweensuccessie scans.To
correctthis problem previouswork (Lemieux et al., 1998)usedlinear mapping
betweenimageintensities: the correctedintensity | X(s) = f (1,(s)) wasa linear
function f (x) = ax + b of the original intensity | (s). Howewer, we found that
a linear model was insu cien t. We propose,here, a non-linear normalization
method relying on the estimation of joint probability distributions.

3.6.1 Estimation of Joint Prokability Distributions

Histogram, aswell asjoint histogram computation is corvertionally doneus-
ing standard parametric or nonparametric techniques for estimating proba-
bility density functions (pdfs) (Duda et al., 2001). Thesetechniquesconsider
separateindependert samplesof the distribution. A large number of samples
is neededfor an adequate estimation, especially for multidimensional pdfs.
Convertional histogram estimation techniques do not use the fact that we
are working with discrete images, and that a discrete grid sampledimage
l;k 2 Z3 is actually a dual represetation of a cortinuous-domainfunction

I (s);s 2 R® (through the Shannonsampling theorem). This meansthat an
in nitely large number of samplesare available for accuratehistogram evalua-
tion (gure 6). It alsomeansthat convertional image histogram computation
is incorrect, especially when high frequenciesare presen. Theoretically, using
convertional pdf estimation techniques,with highly supersampledimageswill

give good appraximations of the underlying probability distribution. In prac-
tice this requiresa large amourt of computation time. Another approad is
to analytically compute the histogram of the cortinuous-domainimage. This

is feasible for one dimensional linear interpolation sthemes.Locally, in the
one-dimensionakasel ; and | ? are both linear with respect to the spatial co-
ordinate x : 11(x) = ax+ b, 1)(x) = cx+ d andthereforel { = ¢I;+d 2. The
local cortribution to the joint histogram j (u; V) is therefore a line segmen

Note that in the convertional (discrete) approad), where no interpolation is
used,the local cortribution to the joint histogram would have beena single
point instead of a line segmeh This operation is donein all three dimensions
and results are averaged.Resulting histograms agreewith the histograms of
the supersampledimages,and are of much higher quality than corvertional

histograms.

3.6.2 Non-linear Normalization

The joint histogram (Fig. 7) is an estimate of the joint probability distribution
ju;v) = p(l(s)=u;lx(s)=v) : s 2 ) of intensitiesin two images. For
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Fig. 7. Joint histograms of two di erent pairs of GE3D images.Non-linearity must
be correctedto accurately compareimage intensities.

similar imagesp(l1(s); 1 2(s)) is high for points nearu = v. If the intensity of a
tissue changesover time, due for instanceto sensorinconsistenciesthe joint
histogram of two imagestaken at separatetime points will undergoa non-
linear transformation. We have repeatedly obsened this artifact (Fig. 7) that
canbe a considerableproblemin later stagesof changedetection. To correctit
we estimate an intensity correction function f that maximizesthe probability
f (u) = argmax,j (u;v). The intensity correctedimageis then19(s) = f (1(s)).
In practice, a robust estimator, that is lesssensitive to outliers, is used. The
medianvalue of the v! | (u;Vv) givesgood results.

3.7 RF Artifact

Remaining artifacts include image intensity non-uniformities, which result
from inhomogeneitiesn the RF eld. The major problem in eliminating this
artifact is that artifactual intensity variations are hard to distinguish from
real image intensity variations (Cohenet al., 2000). In our framework, how-
ewer, a simple approad is possible.Once imagesare registeredand intensity
normalized,a simple subtraction givesus an imagethat is composedof noise,
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residual artifacts and, evertually real image changes.Residual artifacts in
the brain regionare essetially movemen and pulsation artifacts, which have
zeromeanand medium-high spatial frequency Real image changesare small
scalecomparedto the RF artifact. Applying a large low-passGaussian Iter

(= 15mm) on this di erence image, easilyisolatesthe RF artifact from the
previously descriked changes.

3.8 ChangeDetection

Oncethe major artifacts have beenremoved, the imagesmust be compared.
That is, we must decideat eat point (s) whether or not there has beena
geruine change.The simplest approad is direct point by point subtraction.
Howe\er, this givesnoisy results, and doesnot provide an objective decision
criterion. Statistical changedetection theory provides a sound framework for
this purpose (Kay, 1998). We considera xed size 3D window Wy certered
on a voxel s (gure 8). In window W, a simple statistical model of intensity
distribution is considered We chosea window sizeof 3x3x3 voxels (seesection
5 for a discussionon the e ects of this parameter). The generalizedikelihood
ratio test (GLRT) (Hsu et al., 1984; Kay, 1998) computesthe ratio of the
probabilities of two hypotheses:

Ho: thereis no changebetweenl; and I, inside W.
Hi: there is a signi cant changebetweenl; and I, inside Ws.

16



The probabilities are expressedn terms of parametrical pdfs. Hg is interpreted
using the pdf of I, and I, with the sameparameter  (no change),H; is
interpreted using the pdf of I; and I, with two di erent parameters ; 6 ».
In the GLRT, the unknown parameters of the distributions are replacedwith
their maximum likelihood estimates” (Kay, 1998).The generalizedikelihood
ratio is then:

p(l 1iA1)p(| 2; Az)
Relrr = A A 3
© p(l 15 0)p(l 25 "0) G)

wherel ; and | , are respectively the valuesof 1, and I, in Ws.

3.8.1 Single-Malal ChangeDetection

We chosea simple model for the parametric pdfs: the intensity within Wy is
modeled as a constart value plus i.i.d. zero meanadditive Gaussiannoise.
Se\eral studies,in particular in motion detectionfrom video imagesequences,
have showvn that simple intensity models (such asthe constart plus Gaussian
i.i.d. noise model) are far more robust than more speci ¢ models involving
more parameters(Mitic he and Bouthemy, 1996). Higher order (i.e. linear or
non linear) intensity modelsbring only marginalimprovemern in the detection
results. For example,this simple intensity model is e ective ewen if the noise
is not perfectly Gaussian.The noisevarianceis supposedconstart throughout
the imageand is consideredo beidertical in both images.It is estimatedwith
a standard estimator by using the di erence image descriked in section 3.7,
that cortains residualnoise.Thereforethe only pdf parameter that must be
estimagedis the average =  value. The maximum likelihood estimate of

. | . .
is ™= 2+' wheren is the number of voxelsin Ws.

Taking the log of equation 3 givesthe log-likelihood ratio:

1 X

2
p2Ws

(1) "1)* (2p)  "2)?
+H11(p) M)+ (I2(p)  "o)?
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which simpli es to:

Hi
p_
n >
% M (4)
2 Y
Ho

H, is chosenif | > |, Hg is chosenif | < where is a threshold.

3.8.2 Multi-Modal ChangeDetection

The single-malal change detection framework presered above may be ex-
tendedto the multi-modal case.For m modalities, eat imagevalue is consid-
eredasan m-dimensionalvector. The probability of observingintensity values
I (p); p2 Ws for a given model average is

P
ol )= (s 1 Pet pws(® TCHE ) (5)
(2 )"iCj

wheren is the number of voxelsin Ws, and C is the covariance matrix of the
noise. The covariance matrix is also assumedconstart over the whole image
and estimated using standard ergadic estimators (Duda et al., 2001; Kay,
1998). The multi-modal log likelihood ratio becomes:

1 X
2 p2w,
(I ~)TC *(1a(p) ™)
+(I2(p) "2)TC Y(l2(p) ")
(1P "0)'C *(1a(p)  "o)
(I2(p) "0)"C *(12(p)  "o) (6)
Pleasenote that the relative \w eight” givento ead modality by this method

depends on the noise covariance matrix. Noisy modalities will therefore be
down-weighted by this approad.

3.9 Post-Processing

The changedetection step labels individual voxels that have changed.In our
changedetection systemwe focus on changeewerns which might involve sev-
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eral adjacer voxels (seesection4.2). Therefore, neighboring changedvoxels
are grouped together using the following simple clustering scheme: An high

initial likelihood value x is chosenand is iterativ ely decreasedEach time new
voxels are found at value x, they are either addedto an existing cluster of a

neighboring voxel, or, if no neighboring voxel is in a cluster, a new cluster is

created. Eadch group is assigneda value. This value is the largest likelihood

ratio of all the voxelsin the group. Groups are then sorted in decreasingike-

lihood order. To the end useris presetied a set of ewlutions, of decreasing
con dence, through which he may interactively cycle (Figure 9) . Evaluating,

and rejecting false detectionsis very fast, typically under a minute for an

image pair.

4 Results

The automatic detection system has been ewvaluated by two neurologistson
a real-world baseof over 200 imagesas well as on simulated ewlutions. We
presein, here,the rationale behind our methodology.

Evaluating the results of changedetectionis adi cult task, asthereis no solid
ground truth available. Indeed, many subtle changesare subject to debate
after close examination by experts. Important total lesion load inter-rater
variability has, for instance, beenreported in Mitchell et al. (1996), and we
have also obsened signi cant disagreemen betweenexperts.

Two ewaluation approaheswere considered:

1 using simulated ewlutions (section 4.1) on scanpairs from healthy sub-
jects.

2 comparing the results of change detection by an expert with those of
automatic changedetection (section4.2)

The use of simulated data has the advantage of providing a well cortrolled
ground truth, which allows the study of the in uence of di erent parameters.
Howeer, simulated data is well known to be easily biased.It often doesnot
e ectively reproduce all of the complex factors involved in real data. Fur-
thermore, real brain changesmay occur in healthy patients (seesection2.1).
Simulated lesionewlutions were thereforeusedto determine how the charac-
teristics of an ewolution a ect our detectionsystem.In particular, the in uence
of the sizeof an ewlution was evaluated.

The experimertal protocol descrited in section 4.2, evaluates the detection
systemin a real-world application. Sincedetermining a strict ground truth is
not possible,we opted for an approat where:a rst expert manually detects
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r (voxels) | 0.25 05 0.6 0.7 0.75 1

Pdet 0% 14% 50% 100% 100% 100%
Table 1
Detection probability of simulated lesions, as a function of lesion radius (section
4.1)

changesin scanpairs, as he would do in clinical practice; then the automatic
systemdoesa similar task; and nally a secondexpert refereeshetweenboth.
This methodology measureghe bene t involvedin assistinga neurologistwith
the proposedautomatic detection system.The lack of a gold standard implies
that this sthemeis not a wless:For instance,if an ewlution is missedby both
expert-1 and by the automatic detection system, it will not appear in this
evaluation. As explainedin section4.2, both experts have very di erent roles.

4.1 Simulated evolutions

Lesions were constructed using a Gaussianpro le that was added to real
brain MR imagesin all modalities. The intensity of the Gaussianpro le was
determined by using intensities obsened in real-world MS lesions. Seeral
valueswereusedfor the standard deviation of the Gaussian | ( | isthe radius
of the simulated lesion at half of its intensity). Evolutions were modeled as
lesionsthat appear completely betweentwo exams: the lesionswere addedto
imagesof normal cortrol subjects, and theseimageswerecomparedto previous
imagesof the normal cortrol subjects taken two months earlier. All of the
imageswen through the completeprocessingchain. Seweral experimerts were
performed,ead oneinvolving oneor more simulated lesions.Simulated lesions
were placedsu cien tly far apart from ead other soasto avoid interference.

Table 1 shavs how the detection probability pger Of simulated lesionsdepends
on ; (in voxels: 1 voxel = 2mm). Lesionsare correctly detectedif they are
larger than , > 0:6 voxels. Here, a simulated lesion ewlution is considered
to be detectedif its changedetection likelihood | is higher than the likelihood
of all false-alarms.

Experimerts onthe sizeof the detectionwindow Wy shaw that it is the primary

factor in uencing the minimal size of detectable ewlutions. The detection
window has a smoothing e ect: small windows enablethe detection of small

ewlutions but yield noisyresults, largewindows maskout small ewolutions but

provide more reliable results. The window sizeof 3x3x3 voxelswas considered
to be a good trade-o for MS-lesionewlution.

The systemwas also tested on large lesion ewlutions to test its breakdovn
point. We found that lesionsup to , = 7 voxels were correctly dealt with.
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For larger sizessmall spuriousdetectionsmay appear outside of the ewolution,

mainly dueto the low-passRF correction Iter andto over-compensationdur-

ing deformableregistration. The breakdavn point, , = 7 voxels, correspnds
to very large ewlutions, of a sizecomparableto the vertricles, that are well

outside of the scope of the type of approad we are consideringhere (seesec-
tion 2). We have thereforevalidated that the deformableregistration involved
in the realignmen step doesnot a ect the ewlutions we are considering.

4.2 Experimental Evaluation

4.2.1 Experimental Protocol

The ewaluation is basedon the detection of \evolving lesions": we do not
addresghe problem of estimating the volumeof detectedlesionewolutions (see
also section 5). For the expert, the precisede nition of a \lesion ewlution”

is subject to interpretation, and is basedon his prior knowledge of lesion
con gurations. For our automatic detection system, a \lesion ewlution” is a
cluster of voxels resulting from the statistical change detection step (section
3.9).

We choseto considerdetected clusters rather than detected voxels for two
reasons.First, the expert interprets the results by labeling lesionsas having
changedor not, he doesnot considerindividual voxels. It would thus be dif-
cult to comparethe expert evaluation with automatic change detection if
this was done on a voxel change basis. Second,for the expert, detection of
individual voxel changeswould meanmanual labeling of each detectedvoxel,
which implies a tedious (in practice not feasible)segmemation of ewlutions.
Manually or semi-automatically delimiting lesionshas beenshown to be un-
reliable (important total lesionload inter-rater variability has, for instance,
beenreported in Mitchell et al. (1996)). Manually delimiting lesionevolutions
IS even more imprecise.

The ewaluation protocol consistsin 3 steps,and involvestwo experts:

(1) Expert-1 marks ewlving lesionsbetween pairs of imageson the whole
database.

(2) The automatic changedetection systemmarks ewlving lesionsbetween
pairs of imageson the whole database.

(3) Expert-2 evaluatesthe detectionsof expert-1 and of the automatic sys-
tem. Expert-2 will decidewhich detectionsare valid.

The rst step, the labeling by expert-1, is very time-consuming. Expert-1
must consideread pair of images,and nd ewlutions by visually inspecting
ead slice. This is the procedure normally used by clinicians. Here, expert-
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1 was assistedby rigid registration, linear intensity normalization, and used
multi-planar volume visualization software. Note that expert-1 did not usethe
preprocessingusedby the automated detection system(deformablematching,
joint histogram normalization etc.), as these are integral parts of the auto-
mated system, and it is our purposeto ewaluate them here. The last step,
the validation done by expert-2 is much faster, as he only has to ewaluate
previously designatedewlutions.

Matching between ewlutions labeled by expert-1 and clusters detected by
the automatic systemwas done manually. In somevery rare cases,a single
ewlution labeled by expert-1 was divided into se\eral detected clusters. In
those casesgextra clusterswere labeled as false-positives.

After ewaluation by expert-2, automatic detected ewlutions may be labeled
as:

Valid lesion evolution conrmed by expert-2.

Valid non-lesion evolution Conrmed by expert-2 as being a real ewlu-
tion, but is not a lesion ewlution (example:vertricular expansion).

False detection : rejectedby expert-2.

Figure 9 shaws the graphical interface usedfor the ewaluation. Cycling ani-
mations of comparedimagesare overlaid with expert-1's detectionsand auto-
matic detections.Expert-2 cane cien tly cyclethrough detectionsto validate
or reject them.

The threshold of the automatic detection systemmay be tuned, giving a
trade-o0 between detection sensitivity and error probability. This trade-o
is tuned for ead pair (a;b) of comparedimages.The detection probability
Peet( ; (a;b) is de ned for ead pair of imagesas the ratio between valid
detectionsfor threshold and the total nhumber of valid detections(including
expert-1's detections).Let ne., (; (a;b) bethe number of errorsfor threshold

. The ng, versuspget(Nerr; (;0) plot is comparableto a ROC curve, and is
characteristic of the detector'sperformance.The averagedetection probability
Pget(Nerr) ON all image pairs is shovn on gure 10. The nal result of the
automated detection systemis a sortedlist of detectedclustersfor ead image
pair (as descrilked in section5).

4.2.2 Experimental Results

The processingchain wasappliedto over 200sourceimagesof di erent modal-
ities with no userintervertion. The robustnessand reliability of processingn
sud an automated systemare very important.

A total of 93 validated lesion ewlutions, from both expert-1 and the au-
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Fig. 9. Graphical interface used for evaluating the performance of the detection
system. The three multi-planar views display cycling animations of the imagesat
the two time points that are being compared.On the top left view (RARE) are also
shawvn expert-1's detections. On the top right view are shovn automatic detections.
The lower right view is a 3D display that helpskeepingtrack of spatial positioning.
This software was written using ImLib3D and Medimax (Bosc et al., 2002)

tomated system, were found in the database.Expert-1 found a total of 35
validated lesionewlutions. Figure 11 givesa description of the sizesof the au-
tomatically detectedewlutions. The stated volumesare a rough estimate (see
sections4.2.1and 5) computedby usinga common,manually selectedthresh-
old for the whole data base.Figure 11 also shaws that ewlutions correctly
detected by expert-1 as well as those missedby expert-1 had size charac-
teristics comparableto other ewlutions. Evolutions missedby expert-1 were
therefore not particularly smaller or larger than other ewolutions. Of the 5%
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Fig. 10. Performance of the automated detection system. For comparison, the ex-
pert's detection rate was evaluated at 42%. Multi-mo dal detection eliminates many
false detections and therefore allows us to attain higher detection rates.
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Fig. 11. Sizesof automatically detectedewlutions. Voxels are 2mm x 2mm x 2mm.
(seesection 4.2.2).

of ewlutions missedby the automatic detection system(e.g. not in the rst

30 automated detections), most were very small (total volume of 2 to 4 vox-
els). Theselesionsare of a sizewhich is equivalert to the Gaussianpro led

simulated lesionswith :4 < | < :65. The remaining ewlutions, missed by
the automatic detection systemhad intensities that varied only slightly, and
it was not clear for expert-2 whether thesewere actual ewlutions. Evolutions
identied by expert-1 but rejectedby expert-2 are di cult to characterize,as
they have diverseorigins (seesectionb).

Figure 10 shaws the performanceof the automatic detection system.It plots
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the averagedetection probability againstthe number of falsely detectedclus-
ters. Expert-1 detectedewlutions with a probability of 0.42.This meansthat
more than one out of two lesion ewlutions were missedby expert-1. 37%
of expert-1's detected ewlutions were consideredincorrect by expert-2. The
automatic system therefore performed slightly better than expert-1 for an
equivalent falsedetectionrate. Howewer, the automatic systemprovides much
higher detection rates of 95%for higher falsealarm rates.

5 Discussion

As shawvn by the experimertal results, manual changedetection missesmany
(58%) lesion ewlutions. Manually scanningthe full volume of two imagesfor
changesis indeed very time consumingand experts tend to skip areasthat
may cortain valid ewlutions. Furthermore, the rst expert is also misled by
acquisition artifacts, sud as cortrast changes,whereasthese are corrected
in our automated system. For example,if a lesion has a Gaussianpro le, a
cortrast changemay make the lesion seemto grow or shrink. Without non-
linear intensity normalization, expert-1 might be misled,and label it asa valid
ewolution.

The system preseited here provides a tool that may be usedfor assistinga
neurologistin nding lesion ewlutions. The rst 30 automatically detected
ewlutions, sorted in descendingorder of importance, are presettied to the
neurologist. He can scanthese ewlutions and reject incorrect detections. A
large majority of residual false detections occur in CSF, speci cally in the
certral parts of the sulci, which aredi cult to reliably segmeh by automated
methods. In practice,theseareinstantly rejectedby the neurologist.Therefore,
scanningthe 30 detectedewlutions of an imagepair typically takesabout one
or two minutes, whereasmanually comparing two imagesvolumesmay take
over 20 minutes. It is planned that false detectionsin CSF regionswill be
removed by automatic segmetmation in future work.

A major problem we facedwhile designingthis changedetection systemwas
identifying which artifacts were creating the detection problems. Since hu-
man vision, and expert knowledge,naturally compensatefor many artifacts,
it is very dicult to determinethe exact sourcesof many detection errors.
Sub-woxel position di erences are particularly hard to obsene. Detailed in-
spection using se\eral visualization tools was necessaryWe found that an-
imations of the successigly registeredimagesproved to be a very e cient
visualization tool (animations are available at http://ipb.u-strasbg.fr/
ipb/gitim/research/resear  ch_aht ml)

The lesionswe obsened had many di erent sizesand shapes.The lesionewlu-
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tions werenot restricted to radially expandingor cortracting sphericalshapes.
Our changedetection systemmakesno assumptionon this. We also obsened
a large amourt of vertricular expansionand cortraction, as well as changes
inside the vertricles.

Changedetection is constartly facedwith the trade-o between eliminating
artifactual changesand the risk of eliminating real, legitimate changes.Care
was taken at ead step to ewvaluate its impact on legitimate changes.The
multi-scale deformable registration that we use, allows us to chosea maxi-
mum scale.At scalei the deformation eld is divided into 2' cellsin eath
direction. Choosingi = 3 givesus a low resolution eld that is slow-varying
so that the resulting deformation has very little in uence on local features
sud as lesions(as experimertally veried in section4.1). Choosing a lower
resolution would provide less correction of undesired deformations (section
2.1). Choosing a higher resolution will reducethe maximal allowable size of
ewlutions beforedistortion by deformableregistration appears.The intensity
normalization is doneon an image-widebasis. Thereforelocal imageintensity
changeshave no measurableimpact on the image-widehistograms. The low-
pass lter that xes the RF inhomogeneitiess very large, and doesnot a ect
local image changes.The robustnessof these decisionswas evaluated using
simulated lesions(section 4.1).

The simultaneoususeof imagesof se\eral modalities at ead time-point greatly
increaseddetectionperformance.The detectionprobability increasedrom 79%
to 95%when using multi-modal data ( gure 10). Indeed, multi-mo dality pro-
vides redundart information while noise and artifacts are uncorrelated be-
tween modalities. The multi-slice RARE imageshave residual artifacts that
aredistributed in avery di erent mannerthan the real 3D GE3D images.This
redundart information eliminatesmany falsealarmsin multi-mo dal detection
and thus increaseghe detection rate for a given false-alarmrate (Figure 10).
Even in the caseof manual changelabeling, the multi-modal information is
very usefulfor con rming or rejecting a change.

The systemdescrilked hereis oriented toward determining if and wherethere
have beensubtle changes.Our experience,as well as that reported by other
authors (seesection 4.2.1) is that quartifying evolutions is very inaccurate.
Noise and residual artifacts make it di cult, ewen for a trained expert, to
validate small ewolutions. Quartifying the amourt variation is even moredi -
cult. Furthermore, the exactintensity pro le of alesionmay changein complex
ways, making it di cult to give a satisfactory reliable, de nition of what is
understood by the volume of an ewlution. Newertheless,if one acceptsthese
inaccuracies,our method may be very simply usedfor quartitativ e analysis
(seeFigure 11 and section 4.2.2). Howeer, this might not, in certain cases,
match with what a neurologist subjectively considersas the volume of the
variation.
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Another, moresubjective, semi-automaticapproad hasbeenconsideredwithin
our change detection framework. The change detection system preserted in
this paper preserts the neurologistwith alist of ewolutions sortedin decreasing
likelihood. For ead validated ewlution, the neurologistmay vary a threshold
on the likelihood level, and thus semi-automatically segmenh the ewolution.
Fully automatic segmetation techniques have also been considered(seefor
instance (Rey et al., 2002)).

The systemwe have described hereis a generalchangedetection system.It was
appliedto MS-lesionewlution, but no prior knowledgeon size,shape, intensi-
ties, or locations of sud ewlutions wasmade.An important path to reducing
falsedetectionratesfor a speci ¢ application would be to intro ducesud prior
knowledge.Positional information sud as knowing whether an ewvolution is in
GM, WM or CSF regionswould eliminate many falsealarms. Information on
intensity and sizewould help rejecting other non lesion ewlutions.

Another path for improving performancewould be to add a more sophisticated
model for noise. Spatially variant noise maps, or noise distributions learned
using PCA are possibledirections.

6 Conclusions

We have presened a comprehensie framework for automatic changedetection
in serial MRI. The original cortributions of this paper are the use of the
following techniquesin the speci ¢ caseof changedetection: the useof multi-
modal information for changedetection;an original non-linearjoint histogram
normalization technique; the useof a speci ¢ probabilistic detection scheme.
The useof multi-resolution deformableimage matching in this cortext is also
new, as it has not been previously used as a realignmen step for intensity
comparison.We propose a systematical analysis of ead major artifact and
descrike a reliable method for correcting it. The reliability was con rmed by
the automatic processingof a large databaseof imagesof di erent types.

This automatic changedetection hasimportant applicationsfor MS followup,
and provides an objective marker of diseaseswlution.
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