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Data-Driven Evaluation of Non-Rigid Registration
via Appearance Modelling
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Abstract— This paper presents a generic method for assessing And different algorithms tend to produce slightly diffeten
the quality of non-rigid registration (NRR) algorithms, that does results when applied to the same set of images [2] - there is
not depend on the existence of any ground truth, but depends 5 naeq for methods to assess the results of such regisgation

solely on the data itself. The data is taken to be a set of Vari thods h b df ina th
images. The output of any non-rigid registration of such a arious methods have been proposed tor assessing the re-

set of images is a dense correspondence across the whole segults of NRR [3]-[6]. One obvious approach is to compare the
Given such a dense correspondence, it is possible to build aresults of the registration to anatomical ground truth. keesy,

generative statistical model of appearance variation across & this suffers from the problem that such ground truth is often
set. Evaluating the quality of the registration algorithm is hence dif cult to obtain. For instance, expert annotation is time

mapped to the problem of evaluating the quality of the resultant . L - .
statistical model; that is, when the model is compared to the consuming, subjective, and very dif cult in 3D. Other evaiu

image data from which it was generated. It should be noted that tion approaches involve the construction of arti cial teistta,

this approach does not depend on the speci cs of the registration which limits application to “off-line" evaluation. Furthaore,

algorithm used or on the speci cs of the modelling approach used. such arti cially generated and manipulated correspondenc

We derive indices of model speci city and generalisation that g5e5 not necessarily capture the type of deformation seen in

can be used to assess the quality of such models. This approach | data. Th bl tivate th hf thod of

is validated by comparing our assessment of registration quality rea ala. ese probliems mouvate the sear.c ora method o

with that derived from ground-truth anatomical labelling. We = €valuation that does not depend on the existence of ground-

demonstrate that not only is our approach capable of reliably truth data, or on making possibly unrealistic assumptidrmgia

assessing NRR without ground truth, but it is a!so more sensitive the nature of the actual correspondence.

than the ground-truth-dependent approach. Finally, to demon-  1he method we will present here is based on the idea of

strate the practicality of our method, different NRR algorithms tructi tatistical dels of sets of i daistw

— both pairwise and groupwise— are compared in terms of their cons.ruc Ing statistical models of Sets 0 _mages, mo _S

performance on MR brain data. consider both the shape and texture variation of the objeets
aged (appearance models). Such models have been extgnsivel
used as the basis for image interpretation by synthesis. The

I. INTRODUCTION link between registration and modelling is given by the fact

ON-RIGID registration (NRR) of both pairs and groupéhat the output of registration is a dense corresponde_rrossac_
N of images has been used increasingly in recent yea‘]‘%‘? set of images. Such a set of correspondences is reqwred
as a basis for medical image analysis. Applications includ@ construct the shape and texture models [8], [9]. Varying
structural analysis, atlas matching and change analygis '€ correspondence across a set varies the appearance model
The problem is highly under-constrained and a plethora gilt upon this correspondence. The obvious corollary & th
different algorithms have been proposed. a better correspondence ought to produce a better appearanc
The aim of non-rigid registration is to automatically ngmodel. This allows use to map the problem of evaluation of

a meaningful, dense correspondence across a pair (heffistration to that of evaluating the model generated ftioen

pairwise registration), or group (henagroupwisg of images. ©Utput of the registration. . .

A typical algorithm consists of a representation of the de- 1N€ structure of this paper is as follows. We rst give a

formation elds that encode the spatial variation betweeh/i€f description of the background to both the assessmient o

images, an objective function that quanti es the degree ist m registration, and of the construction of appearance modats

registration, and a method of optimising the objective fiarc explalln in more detail the_ link between the two. We present.

guantitative measures which can be used to assess theyqualit
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Il. BACKGROUND prone to errors. They also rely on one's ability to faithyull
extract anatomical structures from the image intensitiesea
This paper explores one such method, which assesses reg-
The aim of non-rigid registration is to nd an anatomicallyistration using the spatial overlap. The overlap is de ned
meaningful, dense (i.e., pixel-to-pixel or voxel-to-vixeor- using Tanimoto's formulation of corresponding regionslie t
respondence across a set of images. This correspondencedsstered images. The correspondence is de ned by labels
typically encoded as a spatial deformation eld betweerheagf distinct image regions (in this case brain tissue clgsses
pair of images, so that when one image is deformed ongeoduced by manual mark-up of the original images (ground-
another, corresponding structures are brought into alemm truth labels). A correctly registered image set will exhibi
Such non-rigid registration of medical images is a dif culhigh relative overlap between corresponding brain strestin
problem, due to the size and complexity of cross-individugiifferent images and, in the opposite case — low overlap with
anatomical variation. non-corresponding structures. A generalised overlap mmeas
A typical registration algorithm proceeds by optimising7] is used to compute a single gure of merit for the overall
some objective function. The objective function depends odverlap of all labels over all subjects:
for example, the degree of deformation present in the dpatia P P MIN (A - Bur
deformation elds de ning the correspondence, and the imag i ' , (Awi ; Bui )
o . . ) _ Pairsk Ialgels| v%elsl
similarity that remains after the deformation has beeniagpl 0= y y MAX (Aw B ) (1)
Also to be de ned are the representation used for the defor- pairsk labels lvoxelsi b
mation elds, and the method used for nding the optimum of
the objective function. Varying any of these factors prastuc
a different registration algorithm, which in general, tertd
produce a slightly different resulting correspondence.

A. Non-Rigid Registration

wherei indexes voxels in the registered imagksndexes
the label anck indexes the two images under consideration.
Axi and By represent voxel label values in a pair of
registered images and are in the raf@e]. TheMIN () and
MAX () operators are standard results for the intersection and
B. Assessment of Non-Rigid Registration union of a fuzzy set. This generalised overlap measures the

We here describe several commonly-used approaches to {RBSIStency with which each set of labels partitions thegena

problem of assessing the results of registration. volume. , o _
Recovery of Deformation Fields: One obvious way to test '€ parameter, affects the relative weighting of different
the performance of a registration algorithm is to apply poels. V_V'th ' :_l’ label contributions are 'mP"C'“V vol-

to somearticial data where the actual correspondence [&M€ Weighted with respect to one another. This means that

known. Such test data is typically constructed by applyiﬂgrge labels contribute more to the overall measure. We have

sets of known deformations (either spatial or textural)dwal | Eoﬂc(ojn&dgred trlle casesh.V\;]herelvagfrl]tS folr t.he |nv<_arrs1,§
images. This arti cially-deformed data is then registeréte abelled region volume (which makes the relative weighting

process of evaluation is based on comparison between the %a‘%gﬁferent labels equal), where, weights for the inverse

formation elds recovered by the registration and thoseamhi 'a2€! volume squared (which gives regions of smaller volume
have originally been applied [5], [6]. This type of approaei higher w_elghtlng) and where welghfcs fora meagure_of label

be used to test NRR methods 'off-line’. However, the validit complexity. We de ne I.abel c_omplex!ty rqther arbitrarily tne i

of this method presumes that we have the ability to constr an absolute v_oxel intensity gradient in the Ia_belletljmeg|

arti cial deformations which are suf ciently close to thgpes More forr_nulatpns of overl_ap, other than Tanimoto's, have
of deformation seen in real-world situations. Furthermord'SO been investigated. Their results were shown to be less
there are situations where such arti cial data sets are a pc%cc_urate and . they are om!tted in the interest of b.reV|ty.
representation of the actual variation between images. ﬁ’é{ lle our main focus remains assessment that requires no
example, images taken from different subjects may Olis’p%;ound truth, the approach above provides a good reference

a much more complicated and extensive variation that tHG compare against for validity with respect to groundftrut

which can be simulated by such simple deformations. annotation.

Overlap-based Assessment: The overlap-based approach

involves measuring the overlap of anatomical annotatiofs Statistical Models of Appearance

before and after registration. A good NRR algorithm will be There are many approaches to building statistical models

capable of aligning similar image intensities — in partioul of the appearance variation of objects which encompass the

those which indicate the location of anatomical structuregariation of both shape and texture that underlies suchappe

Alignment of image intensities leads to better overlap leefw ance variation. In particular, we use the generative appear

anatomical structures, so the two are closely-correlated. models as introduced by Cootes et al. [8], [9]. They have
Similar approaches involve measurement of the mibeen applied extensively in medical image analysis [1@;[1

registration of anatomical regions of signi cance [3], [4hd among other related domains, and successfully appliecaia br

the overlap between anatomically equivalent regions nbthi morphometry, and also to the time-series analysis of cardia

using segmentation. This process is either manual or semi#ta (e.g., [13]).

automatic [4], [5]. Although these methods cover a general The construction of such an appearance model from a

range of applications, they are labour-intensive and arenof set of images depends on the existence of a dense spatial
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obtain a combined statistical model of the more general form

X = X+ QsC
g g + QqC ©))

where the model parameterscontrol both shape and texture,
and Qs, Qg are matrices describing the general modes of
variation derived from the training set. The effect of varyi
one element o€ for a model built from a set of 2D MR brain
image is shown in Fig. 1.

In many cases, we wish to distinguish between the mean-
ingful shape variation of the objects under consideratarg
that apparent variation in shape that is due to the positgpaf
the object within the image (the pose of the imaged objegt). |
that case, the appearance model is generated from an (@f nel
aligned set of images. Point positioxs, in the original
image frame are then obtained by applying the relevant pose
transformationT; ( ):

Xim = Tt (Xmodel ) (4)

whereXmogel are the points in the model frame, andre the
pose parameters. For example, in 2p,could be a similarity
transform with four parameters describing the translation

rotation and scale of the object.
correspondence across the set. In many manual or semi:

: - . In an analogous manner, we can also normalise the image

automatic methods of model building, this dense correspon-, . . . - .

. : set with respect to the mean image intensities and image
dence is extrapolated and interpolated from the corre grwel variance
of some set of anatomically or user-relevant landmark pgoint ' _ )
In the automatic method that will be used here, the dense 9im = Ttrans (Gmodel ); )
correspondence is given directly as the output of the NRRhere Tgwans CONsists of a shift and scaling of the image
algorithm. Hence the relevant landmark positions in thisecajntensities.
are in effect as dense as the pixels/voxels in the imagesFor further details as regards the exact implementation of
registered. appearance models, see [8], [9].

In either case, the shape variation is represented in term$\s noted above, a meaningful dense groupwise correspon-
of the motions of these sets of landmark points. Using thignce is required before an appearance model can be built.
notation of Cootes [8], the shape (con guration of landmarne way to obtain such a correspondence is by extrapolating
points) of a single example can be represented as a vedtom expert annotation. However, this annotation process i
x formed by concatenating the coordinates of the positiorgtremely time-consuming and subjective, particularly 30
of all the landmark points for that example. The texture igata.
represented by a vectgr, formed by concatenating the image The output of groupwise NRR is such a correspondence,
values for the shape-free texture sampled from the image. hence it was a natural next step to build automatic stadistic

In the simplest case, we model the variation of shape anmbdels using the results of NRR algorithms [10], [11].
texture in terms of multivariate gaussian distributionsing This link between registration and modelling is further
Principal Component Analysis (PCA) [14]. We hence obtaiexploited in the Minimum Description Length (MDL) [15]

Fig. 1. The effect of varying the rst (top row), second, arfdrd model
parameters of a brain appearance model %5 standard deviations

linear statistical models of the form: algorithm for non-rigid registration, where modelling betes
an integral part of the registration process. This latterwvaill
X = X+ Pgsbg be one of the registration strategies used later in thismpape
g = g+ Pghy @

I1l. EVALUATION METHOD

wherebs are shape parametetsy are texture parameters, | the previous section, we described how the results of a
andg are the mean shape and texture, &dandP g are the non-rigid registration algorithm can be used to build a gane
principal modes of shape and texture variation respegtivel tjve statistical model of image appearance. In this segtien
In generative mode, the input shag®s) and 0g4) texture present our method for quantitatively assessing the guafit
parameters can be varied continuously, allowing the gé¢inera the model built from the registered data, hence for evalgati
of sets of images whose statistical distribution matchasdh the quality of the non-rigid registration algorithm from igh
the model we have constructed. this model was derived. We also investigate several of the
In many cases, the variations of shape and texture gressible choices for model evaluation, the aim being to nd
correlated. If this correlation is taken into account, werth one which is both robust, and gives the greatest sensitivity
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Fig. 3. Training set (points) and model pdf (shading) in imagace.Left:
A model which is speci c, but not generdRight: A model which is general,
but not speci c.

Fig. 2. The model evaluation framework: A model is constructednfthe
training set and then images are generated from the model.r@imng set 1. ::: Mg is generated, having the same distribution as the

of images and the set generated by the model can be viewed aifs abu ; . [
points in image space. model pdfp(z). The estimate of the speci city (6) is:
X

1 o .
A. Speci city and Generalisation s (15p) Mo min Q1) @
A good model of some training set of data should POSSESSY standard error:
several properties. Firstly, the model should be able teceff n 0
tively extrapolate and interpolate from the training data, SD minfijl; | jg
produce a range of images from the same general class as g = — ; (8)
those seen in the training set. We will call tleneralisation M1

ability. Conversely, the model should not produce imageghereSD is the standard deviation of the set of measurements
which cannot be considered as valid examples of the clags the set of values of .
of object imaged. That is, a model built from brain images The measure of generalisation is then de ned in an analo-
should only generate images which could be considered @$us manner:
valid images of possible brains. We will call this theeci city
of the model. X .
In previous work, quantitative measures ggeci city and G (Ip= N min (jli 1)) ©)
generalisationwere used to evaluate shape models [16]. We =t
here present an extension of these quantitative measures. With standard error:
Consider rst the training data for our model, that is, thé se L .
of images which were the input to our NRR algorithm. Without SD minfili 1]jg
loss of generality, each training image can be considered as G = pﬁ : (10)
a single point in image space (see Figure 2). A statistical .
model is then a probability density functigefz) de ned on That is, for each member of the training sef we compute
this space. To be specic, ldtl; : i = 1;:::Ng denote the the distance to the nearest-neighbour in the _samplélsg_
N images of the training set when considered as points iRfge values ofG correspond to model distributions which
image space. Lep(z) be the probability density function of do not cover the training set and have poor generalisation
the model. ability, whereas small values @ indicate models with better
We then de ne our basic quantitative measure of ¢peci- 9eneralisation ability.
city S of the model with respect to the training set fl;g We note here that both measures can be further extended,
as follows: by considering the sum of distances to k-nearest-neiglshour
Lz rather than just to the single nearest-neighbour. Howenrer,
S (I;p= P(Z)m?i (z Lij) dz; (6) what follows, we restrict ourselves to just the single nsare

L . _ . _neighbour case.
wherej j is a distance on image space, raised to some positive

power . That is, for each poinz on image space, we nd ) )

the nearest-neighbour to this point in the training set,sumd B+ Distances in Image Space

the powers of the nearest-neighbour distances, weightéldeby The most straightforward way to measure the distance

pdf p(z). Greater speci city is indicated bgmallervalues of between images is to treat each image as a vector formed by

S, and lesser byarger. In Figure 3, we give diagrammatic concatenating the pixel/voxel intensity values, then ttie

examples of cases with varying speci city. Euclidean distance. It means that each pixel/voxel in one im
The integral in equation 6 is approximated using a Montage is compared against its spatially corresponding picoeif

Carlo method. A large random set of images : = in another image. Although this has the merit of simplicity,
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Fig. 7. An example af nely-aligned brain image and its acconyam
anatomical labels, both overlaid and expanded, for gray mattdgte matter,
the lateral ventricles, and the caudate nucleus. Labelsalaedivided into
left and right.

Fig. 4. The calculation of a shuf e difference image
IV. VALIDATION OF THE APPROACH

In this section, we present experiments which investigate
the behaviour of our evaluation method. The principal idea
is that of producing perturbed datasets, with progresse~ d
grees of degradation. Ideally, our speci city and gensgtion
measures should vary monotonically with the degree of degra
dation.

The sensitivity of our method, that is, the degree of change
that it can reliably detect, is an important issue, which is
further explored in Section V-A.

Fig. 5. Examples of the shuf e difference image: from one imama second A. Brain Dataset with Ground Truth

image (left), from the second image to the rst (centre), arel thmmetrical L. . . .
shufge éist;nce image (right) 9 ¢ ) 4 Our initial dataset consisted df = 36 transaxial mid-

brain 2D slices, extracted at equivalent levels from a set of

T1l-weighted 3D MR scans of normal subjects. The ground-
does not provide a very well-behaved distance measure sifi¢céh data for this set consisted of dense (pixel by pixeijpby
it increases rapidly for quite small image misalignmentg[1 tissue labels, the tissue classes being gray and whitenytatte
This observation led us to consider an alternative distaneaudate nucleus, and CSF within the lateral ventricless&he
measure, based on the 'shufe difference’, inspired by thiabels were further divided into left and right. An example
'shuf e transform' [18]. If we have two imagedi(x) and image and it's labelling is shown in Figure 7. The training
1,(x), then the shuf e distance between them is de ned as set was non-rigidly registered using the Minimum Descoipti

Length (MDL) algorithm [15]. This registration was used as

X
Ds(l1;12) = 1 min jl1(x) 12(y)j (11) the starting point for the evaluation.
Np . Y¥2N:(x)

where there ara,, pixels (or voxels) indexed by, andN, (x) B- Perturbing Ground Truth
is the set of pixels in a neighbourhood of radiuaroundx. The evaluation now proceeded by considering perturbations
The idea is illustrated in Figure 4. Instead of taking thabout this found registration.
sum-of-squared-differences between corresponding ided A test set of different registrations was created by applyin
minimum absolute difference between each pixel in one imagmooth pseudo-random spatial warps (based on biharmonic
and the values in a neighbourhood around the correspond®@igmped Plate Splines [19]) to each image in the registered
pixel is used. This is less sensitive to small misalignmeantsl set. Each warp was controlled by 25 randomly placed knot-
provides a better-behaved distance measure. The tolefancepoints, each displaced in a random direction by a distance
misalignment is dependent on the size of the neighbourhoddhwn from a Gaussian distribution whose mean controlled
(r), as is illustrated in Figure 6. It should be noted that thihe average magnitude of pixel displacement over the whole
shuf e distance as de ned above depends on the directiamage. Example images from the test set are shown in Fig-
in which it is measured (see Figure 5), hence is not a truee 8.
distance. It is trivial to construct a symmetric shuf e diste, Overall, the above approach was applied 10 times using 10
by averaging the distance calculated both ways betweerdifferent random seeds. The 10 different warp instantietio
pair of images. However, it was found that the improvememtere generated for each image and for each of seven progres-
obtained using this was not signi cant, and did not justifisively increasing values of average pixel displacement.
the increased computation time. In what follows, we use theThe perturbed correspondence across the set is then that
asymmetric shuf e distance. given by applying the originally-found correspondencentro
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Fig. 6. A comparison between shuf e distance using varyireg sieighbourhoods (radiug. Left: original image right: warped imagecgentre, from the
left: shuf e distance withr = 1 (Euclidean),1:5; 2:9 and 3:7 pixels.

Fig. 10. Overlap measures (with corresponding errorbars)tife brain
dataset as a function of the degree of degradation of thestration cor-
respondence. The various graphs correspond to the van@usap measures
as de ned in section II-B.

As can be seen from the Figure, all overlap measures de-
cay monotonically as a function of misregistration, shayvin
that our perturbed dataset does indeed have the systematic

Fig. 8. Examples of registration degradation for increasicgles of smooth behaviour we require

CPS warps. Mean pixel displacement for each image is shown.
Results for the measures of speci ciB/(7) and generalisa-
tion G (9) as a function of the magnitude of the displacement
the initial registration, but now applied to tlieformedmage are shown in Figures 9(a) & 9(b). Note that the values for
sets. Hence the correspondence becomes progressivelg wéigneralisation and Specicity are in error form, i.e. they
as the degree of image deformation increases. increase with decreasing performance. The various graphs
are for differing choices of the distance on image space,
o encompassing Euclidean distance, as well as shuf e distanc
C. Validation Results for varying values of the shuf e neighbourhood radius

~ Registration quality was measured, for each level of reg-|t should be noted that both measures show a monotonic
istration degradation (perturbation), using severalards of gecrease in performance with respect to the size of the-regis

each of the proposed assessment methods: tration degradation, for all choices of image distancecSihe
Tanimoto overlap for the ground-truth data labels (1) foroverlap measure also shows such a monotonic decrease, this
varying values of the label weighting;. validates the model-based metrics inasmuch as they then als
Speci city & Generalisation ((7) & (9), = 1), for vary monotonically with respect to the ground truth measure

varying de nitions of image distance (Euclidean and \yhat remains to be investigated are the effects of varying
shufe distances), and for varying values of the shuf&ne various parameters in the de nitions of the model-based
neighbourhood radius. measures. For the shuf e distance, the parameter is théneig
In Figure 10 are the results from the Tanimoto overlagourhood radiug, the effect of which is studied in the next
based measure (1), which computes a measure that is bassrtion. We also investigate the various forms of the Tatomo
on ground truth, that is, the overlap of the annotated labets/erlap.
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(a) Generalisation (b) Speci city

Fig. 9. Generalisation & Speci city (with correspondingrer bars) for the brain dataset as a function of the degreeegfadiation of the registration
correspondence, and for varying de nitions of image disertbat is, varying radius of the shuf e neighbourhood.

We note here that various other overlap measures as pos-
sible. For instance, we also considered the Dice overlap, bu
it was found to be inferior to the Tanimoto, and so is not
considered further.

D. Measuring Sensitivity

As well as showing monotonicity, a good measure of
registration quality should also sensitive. That is, it @|Hbo
enable us to measure small deviations from the optimum. If
we can evaluate the sensitivity of a measure we will be able
to fully compare the merits of various options.

The size of perturbation than can be detected in the valida-
tion experiments will depend both on the slope of the grajfihs o
measure against degree of deformation, and also on the error
on the measure. To quantify this, we de ne the sensitivity ¢fig- 11. Sensitivity of different NRR assessment methods
a measure as follows.

Supposen(d) is the value of the measure for some degree

of deformationd. We then de ne the measure sensitivity as: V. ASSESSING ANDCOMPARING REGISTRATION
ALGORITHMS
Dmg= 1 M@ _mO)
’ d ’ Having shown the validity of the model-based measures

where~ is the mean error in the estimaterofover the range. Of registration quality, we now proceed to the reason for
D (m; d) is the change inl required form(d) to change by one de ning these measures, that is, to enable comparison of the
noise standard deviation, which indicates the limit of gjem performance of various non-rigid registration algorithins

in misregistrationd which can be detected by the measure. cases where ground truth data is not available.

We computed the sensitivity for the data shown in Fig- NRR algorithms can be divided into two general classes:
ures 10, 9(a), & 9(b). The averaged sensitivity over theairwise and groupwise Pairwise algorithms can be de ned
range of deformations is plotted in Figure 11 for the variouss those which register a pair of images. Registration a@os
measures. group is then de ned by successive applications of the basic

The rst point to note is that there are statistically-sigant  pairwise algorithm. For example, all images in the training
differences between the various measures. Speci city@svsh set can each be pairwise-registered to some chosen referenc
to be superior both to generalisation and most importastly, example (e.g., [11]). However, this suffers from the prable
perior to the ground-truth based measure of Tanimoto guerldhat, in general, the result obtained depends on the chdice o
Furthermore, we can see that shuf e radii b and2:1 for reference. Re nements of this basic approach are possible,
speci city give the most sensitive measure of all those ®dd where the reference is arti cially generated and updated so

as to be representative of the group of images as a whole.
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But the important point to note is that the correspondence fo This training set was then registered using the 3 registrati

a single training image is de ned w.r.t. this reference (@¥hi algorithms detailed above. For each algorithm, an appearan

enables consistency of correspondence to be maintainedsacmodel was then built from the found correspondence, with

the group), and that the information used in determining tivarying numbers of modes included in the model. An example

correct correspondence is limited to that contained inithgles of such a model is shown in Figure 12. The Speci city and

training set image and the single reference image. Generalisation of each such model was then computed. The
It can be seen that this approach explicitly does not takesults as a function of the number of modes are shown in

advantage of the full information in the group of image&igure 13.

when de ning correspondence [20]. Making better use of all

the available information is the aim gfoupwiseregistration A Results

algorithms, where correspondence is determined across thﬁ"he rst point to note about the results shown in Figure 13

whole set in a prmmpled manner. - .. is, that as we might have expected from the results shown
One such groupwise method is the Minimum Description

Length (MDL) formulation as developed by the authors [15.n Figure 11, Generahsaﬂoﬁ Is not ab.Ie tp dlscrlmlnant :
N . etween the three NRR algorithms, having insuf cient sensi
The main idea is that the appearance model generated fr:

the current correspondence is made an integral part of t“@[y' Speci city, however, as we might have expected frd

. . ; . superior sensitivity, can discriminate between the paewand
process of further registration, the model being contiyual P Y b

updated as the process of registration proceeds. The mecgroupmse method.s,.both groupwise reg|stre.1t|o.ns give t.owe
: : . ' L . : values of the speci city measure than the pairwise algarith
function for this groupwise registration is a minimum dégser . . .
. . . : .This difference persists as we vary the number of model
tion length [21] one, which envisages encrypting the entire . s L
. modes and is statistically signi cant. We can conclude that
training set as a coded message, the length of the message

in bits being the objective function. But rather than enogdi Z: Oer:t?;;hese groupwise algorithms s superior to theag

the raw images, the encoding proceeds by describing eac here is possibly a slight difference when the two groupwise

training set image as a series of shape and texture defomsati . .
applied to some reference. That is, the encoding expliaitls methods are compared, since one graph tends to lie lower than
PP ’ ' g exp the other. However, when we compare this difference to the

the mode_l rep_resentatlon of each image from the apPearanLe, of the error bars on the points, it is not large enouglugor
model built using the found correspondence. The full enapdi ; - o :
. . . state that there is a statistically signi cant differencetveeen
hence also has to contain the details of the model itself, a] . :
: ; he two groupwise variants.
the discrepancy between the actual image and the appearance
model representation of that image.

For the purposes of comparing NRR algorithms, we con- VI. DISCUSSION ANDCONCLUSIONS
sider the following: We have described a model-based approach to assessing

e accuracy of non-rigid registration of groups of images.
Qe most important thing about this method is that it does not
require any ground truth data, but depends only on the trgini

Pairwise registration of each training set image to a xe
reference image, using an image from the training set
a reference

Groupwise registration based on the MDL algorithn(iIata '.tsel.f' . .
described above, but admitting two slight variants of the Validation experiments were conducted, based on pertgrbin
algorithm ’ correspondence obtained through registration. These show

In eff he diff b h ) . that our method is able to detect increasing mis-regisinati
ne _ect, the differences between t € two groupwise Vm_'a sing just the registered image data. The results obtaioed f
considered are the way they constrain or do not constrain

I d a1 def . h detail cai fferent sizes of shufe neighbourhood show that the use of
aflowe spafua e Ofmf%“ons- The exact details are nev t shuf e distance rather than Euclidean distance improves th
here; what is relevant is that both are groupwise, but with

) . r8nge of mis-registration over which we can detect sigmtca
slight difference. g g 9

) _ changes in registration accuracy.
We hence would expect that the groupwise variants shouldy;,.a importantly, we have shown that what is being mea-

be close together in performance, but that both should gi¥Geq by our model-based approach varies monotonically wit

signi cantly better registration results than the simp@rwise ., oyerjap measure based on ground truth. And not only that,
approach. These three algorithms present a suitable telseofwe have shown that in the case considered here, the model-

discrimination ability of our proposed evaluation framelo p.<oq measure of speci city is in fact of greater sensiivit
For these evaluation experiments, we limited ourselves

to 2D images, which allows larger-scale experiments to be
performed.

The raw dataset consisted Nf = 104 3D MR images of
normal brains!. These were then af nely aligned, and a single
slice extracted from each, at equivalent locations. Thische
formed our training set of 104 2D slices.

1The age-matched normals in a dementia study generously pcowige Fig- 12.  Appearance model which was built automatically byugraise
Neil Thacker and Paul Brom“ey’ Manchester. registration. First mode is shown,2:5 standard deviations.
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Fig. 13. Generalisation and Speci city of the three registm methods as a function of the number of modes included impipearance model.

than the overlap measure based on ground truth, hence danB. zZitova and J. Flusser, “Image registration methods: A surieyedge
reliably detect smaller differences in registration perfance. and Vision Computingvol. 21, pp. 977 — 1000, 2003.

. - 3] J. M. Fitzpatrick and J. B. West, “The distribution of get registration
Flna"y' we have applled our model-based measure to aé' error in rigid-body point-based registratiodEEE Trans. Med. Imag.

sessing the quality of 3 different registration algorithrithe vol. 20, pp. 917-927, 2001.
results obtained were in agreement with the results oldaind4] P. Hellier, C. Barillot, I. Corouge, B. Giraud, G. L. Gdbar, L. Collins,

. . . . L A. Evans, G. Malandain, and N. Ayache, “Retrospective etidn of
during the validation phase as regards the relative seitgitf inter-subject brain registration,” iRroceedings of Medical Image Com-

the two model-based measures. We were able to show a quan- puting and Computer-Assisted Intervention (MICCAI), LeetNotes in
titative improvement in performance of groupwise registra 5 goénputle_r S?C}I(ence/_ol. 2238J. CSFglnger\,/ﬁQdOL pp. f258_—%§5- .
. P f . . Rogelj, S. Kovacic, and J. C. Gee, “Validation of a ngiut registra-
algorlthms when compargd to repeated pairwise _reQIStr‘ath tion algorithm for multimodal data,” ifProceedings of Medical Imaging
We note that the experiments were conducted in 2D, which 2002, Image Processing, SPIE Proceedingsl. 4684, 2002, pp. 299—
allowed larger-scale experiments to be conducted. However 307.

the extension to 3D or higher is trivial, the only issue beingd®! " g'e ;ecnhh”;kée'h < OTSae””Sr'LA'GCHiﬁng:g o JOH;ﬁfgg‘ “\(;éﬁdH:yes

that for higher-dimensional images, the calculation offshu of non-rigid registration using nite element methods,”liecture Notes
distances (if used), will considerably increase the comput in Computer Sciencevol. 2082.  Springer, 2001, pp. 344-357.
tional load [7] W. R. Crum, O. Camara, D. Rueckert, K. Bhatia, M. Jenkinsamgl

. . . D. L. G. Hill., “Generalised overlap measures for assessmigpaiovise
In the above we used linear appearance modelling in our ang groupwise image registration and segmentation®raceedings of

evaluation, but in principle, any generative model-buitdi Medical Image Computing and Computer-Assisted InteraenMIC-
approach could be used. This method is totally general, and Sﬁ'{;gﬁﬁgm Notes in Computer Scienel. 3749.  Springer, 2005,

can pe applied to the results of any registratjon_ algorithm. (g} T Cootes, G. Edwards, and C. Taylor, “Active appearamzelels,” in
This model-based method represents a signi cant advance Proceedings of the European Conference on Computer VIiEQCY),

as regards the important problem of evaluating non-rigid ~Lecture Notes in Computer Scienoel. 1407 Springer, 1998, pp.

regi_stration algorithms_. It gs_tablishes an entirely_ otiyec [9] G. J. Edwards, T. F. Cootes, and C. J. Taylor, “Face reitiognusing
basis for evaluation, since it is free from the requirement 0  active appearance models,” Rroceedings of European Conference on
ground truth data. Computer Vision, Lecture Notes in Computer Scienoé 2. Springer,
1998, pp. 581-595.
[10] A.F. Frangi, D. Rueckert, J. A. Schnabel, and W. J. Neas$Automatic
ACKNOWLEDGEMENT construction of multiple-object three-dimensional statédtshape mod-
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Center for Morphometric Analysis at MGH, for providing theHl pp. 1151-1166, 2002.
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