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Evaluating Non-Rigid Registration without
Ground Truth

Roy S. Schestowitz, Carole J. Twining, Vladimir S. Petéoviimothy F. Cootes, William R. Crum,
and Christopher J. Taylor

Abstract—We present a generic method for assessing the function. As different algorithms tend to produce different
quality of non-rigid registration (NRR), that does notrequire  results when applied to the same set of images [2], there is a
ground truth, but rather depends solely on the registered images. need for methods to evaluate the results of NRR.

We consider the case where NRR is applied to aetof images, Vari thods of luat h b d 13
providing a dense correspondence between images. Given this arious methods of evaluation have been proposed [3],

correspondence, it is possible to build a generative statistical [4], [6], [7]. One approach is to construct artificial test data,
model of appearance variation for the set. We observe that the applying known deformations to real or synthetic images.

quality of the resulting model will depend on the quality of This allows algorithms to be evaluated by attempting to
the correspondence. We define measures of modgbecificityand recover the applied deformations, but does not allow the

generalisationthat can be used to assess the quality of the model Its of NRR to b d 'in-line’ i | licati
and, hence, the quality of the correspondence from which it is "€SUILS O 0 be assessed n-line In real applications.

derived. The approach does not depend on the specifics of theAN alternative approach is to provide anatomical ground truth
registration algorithm or the form of the model. We validate for the images to be registered, then measure the degree of
the approach by measuring the change in model quality, as the anatomical correspondence following NRR. We have used one
correspondence of an initially registered set of MR images of the such method in this paper as a ’gold standard’, but the need
brain is progressively perturbed, and compare the results with . . ’

those obtained using a method based on the overlap of ground- fpr expert an.notatlon of t,he .|mages reljders th? aF_’proaCh too
truth anatomical labels. We demonstrate that, not only is the time-consuming and subjective for routine application. These
proposed approach capable of assessing NRR reliably without problems motivate the search for a method of evaluation that
ground truth, but that it also provides a more sensitive measure can be used routinely in real applications, without the need
of misregistration than the overlap-based approach. Finally we for ground truth.

apply the new method to compare the performance of repeated . .

pairwise and fully groupwise registration of MR images of the ~ 11€ @pproach we have adopted is based on the observation

brain. that, given a set of non-rigidly registered images — however
obtained — it is possible to construct a statistical model of
appearance that takes account of both the shape and texture

. INTRODUCTION variation across the set. Models of this type have been used

ON-RIGID registration (NRR) of both pairs and grou|O§xtensively_as a basis for imagg_interpretation by synthesis [9],

N of images is used widely as a basis for medical im10]- We build mo_dels by explomng the dense correspondence

age analysis. Applications include structural analysis, ati@§"0Ss the set of images established by the NRR. The key idea
matching and change analysis [1]. The problem is highﬁ?at underpins our approach is that, if thg correspondence is
under-constrained and many different algorithms have beBPor, the resulting appearance model will be unsatisfactory.
proposed. This observation allows us to transform the problem of eval-
The aim of non-rigid registration is to find automatically 4/ating non-rigid registration into one of evaluating the model

meaningful, dense correspondence between a pairyise 9enerated from the result of registration. . .

registration), or across a grougréupwise registration) of ~ The structure of the paper is as follows. We first provide

images. A typical algorithm consists of a representation of tiiePrief description of the background to both the assessment
deformation fields that encode the spatial variation betwe&h registration, and the construction of appearance models,
images, an objective function that quantifies the degree @fPlaining in more detail the link between the two. We then
misregistration, and a method of optimising the objectivéefine two quantitative measures of model (and thus registra-
tion) quality, and discuss their implementation. The behavior

[Draft Placeholder] Manuscript submitted February 7th, 2006 for the TMOf these measures is investigated by measuring the effect of

special issue on validation , deliberately perturbing the registration of an initially registered
This research was supported by the MIAS IRC project, EPSRC grant

No. GR/N14248/01, UK Medical Research Council Grant No. D2025/3§et of Images The results are compared to those obtained us.lng
(“From Medical Images and Signals to Clinical Information”and also by a ’'gold standard’ method of assessment, based on measuring
the 1M p;"je“' EPSRC grant No. GR/S82503/0lhtegrated Brain Image  the overlap of manually annotated ground truth. The results
Modelling” .
W. R. Crum is with the Centre for Medical Image Computing, DepartrnerQemonstrate that our new measures are closely correlated with
of Computer Science, Gower Street, University College London, Londdhose based on ground-truth, and that the proposed approach

Imaging Science and Biomedical Engineering, University of Manchester, M .
9PT Manchester, United Kingdom. the measures we have developed to compare various NRR
Publisher Item Identifier [placeholder]. algorithms applied to the registration of sets of 2D MR
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brain images, demonstrating the superiority of fully groupwidabel for each voxel — and measures the overlap of corre-

registration over a repeated pairwise approach. sponding labels following registration, using a generalisation
of Tanimoto’s overlap coefficient. Each label for a given image

Il. BACKGROUND is represented using a binary image but, after warping and

o ) _ interpolation into a common reference frame based on the

A. Non-Rigid Registration results of NRR, we obtain a set of fuzzy label images. These

The aim of non-rigid registration is to find an anatomicallyre combined in a generalised overlap score [8] which provides
meaningful, dense (i.e., pixel-to-pixel or voxel-to-voxel) cora single figure of merit aggregated over all labels and all
respondence across a set of images. This correspondendenéges in the set:
typically encoded as a set of spatial deformation fields, one for

each image, such that when the deformations are applied to the 3 S ooy Y, MIN(Awi, Brii)
images, corresponding structures are brought into alignment. pairsk labels:  voxelsi

A typical registration algorithm proceeds by optimising - S0 o Y, MAX(Awi, Bra) @
some objective function that depends on the similarity of the pairsk labels:  voxels:

images after alignment, with respect to the set of deformatiofg, re; indexes voxels in the registered image#dexes the

As well as the _ObJeCt'Ve function, it is hecessary to defiNgpeis andk indexes image pairs (all permutations are con-

the representation used for the deformation fields and W@ereq) 4,,; and By, represent voxel label values for a pair

method for finding the optimum of the objective function ¢ registered images and are in the rafigel]. The MIN()

Differeqt choices lead to different registration results, anq thféﬁdMAX() operators are standard results for the intersection

competing methods of NRR — hence the need for an objectiyg4 ,nion of fuzzy sets. This generalised overlap measures the

and easily applied method of assessment. consistency with which each set of labels partitions the image
volume.

B. Evaluation of NRR The parametety; affects the relative weighting of different

&?‘Qels. Witha; = 1, label contributions are implicitly volume-

T i h [ h f N ; .
WO main approaches to assessing the accuracy o weighted with respect to one another. This means that large

algorithms have been described previously — one based gn .
. : s%ructures contribute more to the overall measure. We have also
the recovery of known deformation fields, the other base

on measuring the overlan of around-truth annotations a c?nsidered the cases whergweights labels by the inverse of
. . 9 P 9 . . . ftt‘?‘neir volume (which makes the relative weighting of different
registration. Both approaches are valid, but neither is easyI é%

: X ; ”labels equal), where; weights labels by the inverse of their
apply routinely, and both are better suited to off-line evaluation ) . . :
. o : volume squared (which gives regions of smaller volume higher
of algorithms, rather thain-line evaluation of the results of

NRR in practical applications weighting), and wherey; weights labels by their complexity,

1) Recovery of Deformation FieldsDne obvious way to which we define as the mean absolute voxel intensity gradient

test the performance of a registration algorithm is to a Ryer the labelled region.
P 9 9 PPY An overlap score based on a generalisation of the popular

it to someartificial data where the correct correspondence Bice Similarity Coefficient (DSC) would also be possible

known. Such test data is typically constructed by applyi%t since DSC is related monotonically to the Tanimoto
sets of known deformations (either spatial or textural) tQ '

real images. This artificially-deformed data is then registere%oef.fICIent (T.C ) by DSC = 2TC/(TC+1) [5] we have not
Lo : h . considered this further.

and evaluation is based on comparing the deformation fields

recovered by the registration algorithm with those that were

originally applied [6], [7]. This approach can be used t&- Statistical Models of Appearance

compare the performance of different NRR algorithms, but Our approach to ground-truth-free evaluation of NRR de-

since it relies on the creation of artificial test data, cannot Ipends on the ability, given a set of registered images, to

applied in-line. Also, the validity of the approach depends aronstruct a generative statistical model of appearance. We have

the ability to construct artificial deformations which mimicadopted the approach of Cootes et al [9], [10], who introduced

the variability found in real images of a given type, which isnodels that capture variation in both shape and texture (in the

difficult to guarantee. graphics sense). These have been used extensively in medical
2) Overlap-Based MethodsAn alternative approach isimage analysis in, for example, brain morphometry and cardiac

based on measuring the alignment [3], [4], or overlap [4], [Gime-series analysis [11]-[13]. Other approaches to appearance

of anatomical structures annotated by an expert, or obtainechasdelling could also be considered — we rely only on the

a result of (semi-)automated segmentation. Manual annotatigenerative property in this application

is expensive to obtain and prone to subjective error. ReliableThe key requirement in building an appearance model from

automated or semi-automated segmentation is extremely difset of images, is the existence of a dense correspondence

ficult to achieve — indeed if it was available it would ofteracross the set. This is often defined by interpolating between

obviate the need for NRR. the correspondences of a limited number of user-defined
We have used an overlap-based approach to provide a 'g@ddmarks. Shape variation is then represented in terms of the

standard’ method of assessment. The method requires mamations of these sets of landmark points. Using the notation of

annotation of each image — providing an anatomical/tiss@ootes et al [9], the shape (configuration of landmark points)
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this case, the appearance model is generated from an (affinely)
aligned set of images. Point positioss,, in the original
image frame are then obtained by applying the relevant pose
transformationZy(-):

Xim = Tt (Xmodel) (4)

wherex,,.qe; are the points in the model frame, atidre the
pose parameters. For example, in 2Ip,could be a similarity
transform with four parameters describing the translation,
rotation and scale of the object.

In an analogous manner, we can also normalise the image
set with respect to the mean image intensities and image
variance,

8im = Lgtrans (gmodel)a (5)

where Ty.rqns CONSists of a shift and scaling of the image
intensities. For further implementation details see [9], [10].

As noted above, a meaningful dense groupwise corre-
spondence is required before an appearance model can be
uilt. NRR provides a natural method of obtaining such a
orrespondence, as noted by Frangi and Rueckert [11], [12].
It is this link that forms the basis of our new approach to NRR
evaluation.

of a Sing|e examp|e can be represented as a vecformed The link between registration and modelling is further
by concatenating the coordinates of the positions of all tg&ploited in the Minimum Description Length (MDL) [16]
landmark points for that example. The texture is represent@@proach to groupwise NRR, where modelling becomes an
by a vectorg, formed by concatenating the image values fdptegral part of the registration process. This is of one of the

b
Fig. 1. The effect of varying the first (top row), second, and third modeé
parameters of a brain appearance modetH®5 standard deviations

the shape-free texture sampled from the image. registration strategies evaluated later in the paper.
In the simplest case, we model the variation of shape and
texture in terms of multivariate gaussian distributions, using I1l. M ODEL-BASED EVALUATION OF NRR

Principal Component Analysi.s (PCA) [15], obtaining linear | the previous section, we described how the results of
statistical models of the form: NRR can be used to build a generative statistical model of
X = X+P,b, image appearance. In this section, we present our method for
— s+Pb @) guantitatively assessing the quality of the model built from the
g = 81T Eyby registered data and, hence, the quality of the NRR from which
whereb, are shape parameteils, are texture parameters, the model was derived. We introduce several variants of the
andg are the mean shape and texture, #ndandP,, are the approach, with the aim of finding one which is both robust
principal modes of shape and texture variation respectivelyand sensitive to small misregistrations.
In generative mode, the input shage,X and texture )
parameters can be varied continuously, allowing the generatin Specificity and Generalisation
of sets of images whose statistical distribution matches that of -
L A good model of a set of training data should possess
the training set. . ,
L several properties. Firstly, the model should be able to ex-
In many cases, the variations of shape and texture are

correlated. If this correlation is taken into account, we therr]apolate and interpolate effectively from the training data, to

. . L I%r_oduce a range of images from the same general class as
obtain a combined statistical model of the more general foriy: : o . . o
those seen in the training set. We will call tlyeneralisation

Xx = %+ Q.c ability. Conversely, the model should not produce images
g = g+Qu 3) which cannot be considered as valid examples of the class of
object imaged. That is, a model built from brain images should
where the model parametetscontrol both shape and texture,only generate images which could be considered as valid
and Q,, Qg are matrices describing the general modes @hages of possible brains. We will call this thgecificityof the
variation derived from the training set. The effect of varyingnodel. In previous work, quantitative measuresspécificity
different elements o€ for a model built from a set of 2D MR and generalisationwere used to evaluate shape models [17].
brain images is shown in Figure 1. We present here the extension of these ideas to images (as
Generally, we wish to distinguish between the meaningfopposed to shapes). Figure 2 provides an overview of the
shape variation of the objects under consideration, and tyeproach.
apparent variation in shape that is due to the positioning ofConsider first the training data for the model, that is, the
the object within the image (the pose of the imaged object). set of images which were the input to NRR. Without loss of
ScholarOne, 375 Greenbrier Drive, Charlottesville, VA, 22901
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Training set
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.. = Vectorisation ( Z J
(& - '1=(&,,..,%
z i il » ~in ® ° ® ®
Model blu‘!a‘:‘ngl g ®
( ]
. L
Appearance model st en ey @ °
s Foxr 0 o
* * &
, .
Synthesis l e o
ra
LI Ik, 7 <y

N . — Fig. 3. Training set (points) and model pdf (shading) in image spaef.
. ) ‘. M. IF=(Z1”, ,Zm] A model which is specific, but not gener&ight: A model which is general,
' but not specific.

Fig. 2. The model evaluation framework: A model is constructed from the
training set and then used to generate synthetic images. The training set @hdt is, for each member of the training det we compute
g;)ZcS:t generated by the model can be viewed as clouds of points in im2M8 distance to the nearest-neighbour in the samplélﬁt
Large values ofG correspond to model distributions which
do not cover the training set and have poor generalisation
generality, each training image can be considered as a singjglity, whereas small values ¢f indicate models with better
point in ann-dimensional image space. A statistical model igeneralisation ability.
then a probability density functiop(z) defined on this space. We note here that both measures can be further extended,
To be specific, lefI; : i = 1,... N} denote theN images by considering the sum of distances to k-nearest-neighbours,
of the training set when considered as points in image spatather than just to the single nearest-neighbour. However, the
Let p(z) be the probability density function of the model. Weehoice of k would require careful consideration and in what
define a quantitative measure of thgecificityS of the model follows, we restrict ourselves to the single nearest-neighbour
with respect to the training sét= {I,} as follows: case.

. - 1 . _ . A . .
S\(Z;p) _/p(z>mml(|z L))" da, ®) B Measuring Image Separation

where|-| is a distance on image space, raised to some positivel Ne definitions we have provided for specificity and gen-
power \. That is, for each point on image space, we find eralisation require a measure of separation in image space.
the nearest-neighbour to this point in the training set, and sufie most straightforward way to measure the distance between
the powers of the nearest-neighbour distances, weighted by fR@g€s is to treat each image as a vector formed by concate-
pdf p(z). Greater specificity is indicated tgmallervalues of n_atmg the p|>_<ellvoxel intensity value_s, then tal_<e the E_uchdea_n
S, and vice versa. In Figure 3, we give diagrammatic exampléistance. This means that each pixel/voxel in one image is

of models with varying specificity. compared against its spatially corresponding pixel/voxel in
The integral in equation 6 is approximated using a Monténother image. Although this has the merit of simplicity, it
Carlo method. A large random set of imagék, : u = does not provide a very well-behaved distance measure since
1,...M} is generated, having the same distribution as tiincreases rapidly for quite small image misalignments [18].
model pdfp(z). The estimate of the specificity (6) is: This observation led us to consider an alternative distance
M measure, based on the 'shuffle difference’, inspired by the
IR < T A 'shuffle transform’ [19]. If we have two imageF, (x) and
S\Zip) ~ M ;mmz (% = L) (7) I(x), then the shuffle distance between them is defined as
with standard error: Dy(I1,1,) = %Z min; ||T; (x) — I(N;(x))|| (11)
. SD/_L {minl{|L — I#IA}} (8) X
78 = M—1 ’ where|| - || is the absolute difference, there asepixels (or
whereSD,, is the standard deviation of the setjofneasure- VOXels) indexed byx, and {N;(x)} is the set of pixels in a
ments. neighbourhood of radiug aroundx.
A measure of generalisation is defined similarly: The idea is illustrated in Figure 5. Instead of taking the

N sum-of-squared-differences between corresponding pixels, the
o1 . A minimum absolute difference between each pixel in one image
GA(T:p) = N Z miny, ([I; — L,[)", ©) and the values in a neighbourhood around Ft)he correspond?ng
=t pixel is used. This is less sensitive to small misalignments, and
provides a better-behaved distance measure. The tolerance for
_SD; {minu{|I¢ — IH\A}} 10 misalignment is dependent on the size of the neighbourhood
- N — 1 : (10) (r), as is illustrated in Figure 4.
ScholarOne, 375 Greenbrier Drive, Charlottesville, VA, 22901
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Fig. 4. A comparison between shuffle distance using varying size neighbourhoods (radieft: original image right: warped imagecgentre, from the
left: shuffle distance with = 1(Euclidean),1.5,2.9 and 3.7 pixels.

{LN (x))}
L (x) H
T

min,|1,(x)-L(N, (x))|

min ;| L,(x)- (N, (x))|

—+ Fig. 6. Examples of the shuffle difference image: from one image to a second
L(x) image (left), from the second image to the first (centre), and the symmetrical
{LN,(x)} shuffle distance image (right)
Fig. 5. The calculation of a shuffle difference image Gray White Lateral Caudate
Matter Matter Ventricle Nucleus

It should be noted that the shuffle distance as defined ab
depends on the direction in which it is measured (see Figure
hence is not a true distance. It is trivial to construct a syn
metric shuffle distance, by averaging the distance calculai
both ways between a pair of images. However, it was foul
that the improvement obtained using this was not significal
and did not justify the increased computation time. In whi
follows, we use the asymmetric shuffle distance.

b

Fig. 7. An example affinely-aligned brain image and its accompanying
IV. EXPERIMENTAL VALIDATION anatomical labels, both overlaid and expanded, for gray matter, white matter,

In this section, we discuss the design of experiments I ;e:]tgrﬁ;r\]lsntricles, and the caudate nucleus. Labels are also divided into
investigate the behaviour of different methods of evaluating
NRR. The main idea is that progressive misregistration of
initially registered datasets should result in monotonically
increasing values of specificity and generalisation (decreasfig Perturbing the Registration
performance). We also derive a measure of sensitivity to
misregistration that can be used to compare methods of NRRA test set of different registrations was created by applying

evaluation. smooth pseudo-random spatial warps (based on biharmonic
Clamped Plate Splines [20]) to each image in the registered
A. Brain Dataset with Ground Truth set. Each warp was controlled by 25 randomly placed knot-

Our initial dataset consisted 8f = 36 transaxial mid-brain POints, each displaced in a random direction by a distance
2D slices, extracted at equivalent levels from a set of Tgrawn from a Gaussian distribution whose mean controlled
weighted 3D MR scans of normal subjects. The ground-truthe average magnitude of pixel displacement over the whole
data for this set consists of dense (pixel by pixel) binary tissif@29e. Example images from the test set are shown in Fig-
labels for the gray and white matter, the caudate nucleus tis$li@ 8- Ten different warp instantiations were generated for each
classes and CSF within the lateral ventricles. These labels wip&ge and f(_)r ea<_:h of seven progressively increasing values
further divided into left and right. An example image and it8f average pixel displacement.
labelling is shown in Figure 7. The correspondence from the initial registration was applied

The training set was non-rigidly registered using a Minito the deformedimages resulting in a controlled degree of
mum Description Length (MDL) NRR algorithm [16]. Thismisregistration. The correspondence becomes progressively
registration was used as the starting point for the evaluatioworse as the degree of image deformation increases.

ScholarOne, 375 Greenbrier Drive, Charlottesville, VA, 22901
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Fig. 9. Overlap measures (with corresponding errorbars) for the brain dataset
as a function of the degree of degradation of registration correspondence.
4.9293 7.2558 The various graphs correspond to the various tissue weightings as defined in
section II-B.

In particular, there are two separate sources of uncertainty:
i) errors associated with the finite number of deformation
instantiations and ii) errors associated with the finite number
Fig. 8. Examples registration degradation through image deformation fmrc synthetic 'm‘?‘ge.s used in the evaluation of the figure of merit
increasing scales of smooth CPS warps. Mean pixel displacement for ef@ﬁ NRR. Considering (12), we can evaluate the standard errors
image is shown. in measured quantityn (for a givend) and o,,;, SE,, and
SE,,  , analogously to (8) and (10). Using error propagation
) o the uncertainty on the numerator (T) in (12) is the sum of
C. Measuring Sensitivity standard errors on the two measuremenfs= (SE,,a))> +
As well as being consistent with ground truth, a goo@SE,,())* , while the uncertainty on the denominator (B) is
measure of registration quality should also exhibit good sensimply 0% = SEgm. Using error propagation for a ratio of
tivity (measurement accuracy). That is, it should enable us‘tariables the uncertainty on the sensitivity becomes:
detect small misregistrations. By evaluating sensitivity we can

also assess the effect of varying the parameters of the two o2 RN . .
approaches that we investigated: the shuffle neighbourhoaly,,..q) = D(m; d)\/(;) + (§B) — 2(%)(%)
radiusr for the model-based measures and the alternative label (13)
weighting options for the generalised Tanimoto overlap. Finally, when sensitivity is aggregated across the defor-

~ The size of perturbation that can be detected in the validgation range, total uncertainty on the sensitivity, using the

of the measures as a function of misregistration and the mean
error on those values. To quantify this, we define the sensitivity
of a measure as follows. 9 9 )
JAggr - E UD(m;dj) + O-D(m;d_.j_'_l) - QO—D(m;dj)UD(vn;dj+1)-

1 (m(d) —m(0 J
D(m;d) = = ()(i)> , 12) (14)
wherem(d) is the value of the measure for some degree of ) . ) .
deformationd, & is the mean error in the estimate nf over D- €omparing Registration Algorithms
the rangeD(m; d) = 1 is the change i required form(d) to NRR algorithms can be divided into two general classes:
change by one noise standard error, which indicates the lovpairwise and groupwise Pairwise algorithms register a pair of
limit of change in misregistratiod which can be detected byimages at a time. Registration across a group is then achieved
the measure. by repeated applications of the pairwise algorithm. For exam-
We computed the sensitivity for the data shown in Figures Ble, all images in the training set can be pairwise-registered
10(a), & 10(b). The averaged sensitivity over the range ¢ some chosen reference example (e.g., [12]). However, this
deformations is plotted in Figure 11 for the various measuresiffers from the general problem that the result obtained
The uncertainties on the measurements of sensitivity cdapends on the choice of reference. Refinements of this basic
also be derived and are shown as error bars on Figure approach are possible, where the reference is initialised and

ScholarOne, 375 Greenbrier Drive, Charlottesville, VA, 22901
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1Z- 12
11- Shuffle radius 1"t Shuffle radius
- | —1(Euclidean) nl —1 (Euclidean)
—1.5 —1.5
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3.7 3.7
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Generalisation
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(a) Generalisation (b) Specificity

Fig. 10. Generalisation & Specificity (with corresponding error bars) for the brain dataset as a function of the degree of degradation of the registration
correspondence, and for varying definitions of image distance (varying radius of the shuffle neighbourhood).

Sensitivity

updated so as to be representative of the group of images . . . . : + & = & = &
a whole. The important point to note, however, is that trojmme s ' T
correspondence for a given training image is defined w.1
this reference (which enables consistency of correspondeiz
to be maintained across the group), and the information usz
in determining the correct correspondence is limited to th
contained in that training image and the reference image. :

It can be seen that this approach does not take advantz
of the full information in the group of images when definin¢
correspondence [21]. Making better use of all the availab
information is the aim ofgroupwiseregistration algorithms, ¥
where correspondence is determined across the whole set &
principled manner. One such groupwise method is the Mir®
mum Description Length (MDL) formulation as developed by
the authors [16]. The main idea is that the appearance motligl 11. Sensitivity of different NRR assessment methods
generated from the current correspondence is made an integral
part of the process of further registration, the model being
continually updated as the process of registration proceegilorithms present a suitable test of the discrimination ability
The objective function for this groupwise registration is &f our proposed evaluation framework.
description length [22], which considers encrypting the entire The different NRR algorithms were compared using 2D im-
training set as a coded message, the length of the messa@es, which allowed large-scale experiments to be performed.
in bits being the objective function. Rather than encodinid4 T1-weighted 3D MR brain images from a dementia study
the raw images, the encoding proceeds by describing edvrere affinely aIigned, and a mid-brain slice extracted from
training set image as a series of shape and texture deformati®@gh, at equivalent locations. The set of images was registered
applied to some reference. That is, the encoding explicitly usésing each of the three registration algorithms. An example
the model representation of each image from the appearafé@ne of the resulting models is shown in Figure 12. In each
model built using the found correspondence. Thus the figise the specificity and generalisation were computed.
encoding must also contain the details of the model itself, and
the discrepancy between the actual image and the appearance V. RESULTS
model representation of that image.

We expect the groupwise approach to give significantfy: Overiap,
better registration results than the repeated pairwise approactRegistration quality was measured, for each level of reg-
We compare the performance of two variants of the MDlstration degradation (perturbation), using several variants of
groupwise approach and a pairwise method. These thesech of the proposed assessment methods:
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« Generalised Tanimoto overlapof the ground-truth data We have validated the approach by studying the effect
labels (1) for varying values of the label weighting. of perturbing, progressively, the registration of an initially

« Specificity & Generalisation ((7) & (9), A = 1), for registered set of images, comparing the results with those
varying values of the shuffle neighbourhood radius. obtained using a 'gold standard’ measure based on the overlap

Figure 9 shows the results for the Tanimoto overlap me@f ground-truth anatomical labels. We have shown that our
sure (1). All overlap variants decay monotonically as a fun®€w method provides measures of registration accuracy that
tion of misregistration, showing that our perturbed dataset do@§ monotonic functions of the known misregistration, and
indeed have the systematic behaviour we require. that one,specificity provides a more sensitive measure of

Results for the proposed specificity (7) and general- misregistration than the approach based on ground truth.
isation G (9) measures as a function of the displacemefhe model-based approach requires a distance measure in
magnitude are shown in Figures 10(a) & 10(b). Results aifgage space, and we have also demonstrated that the use of
given for varying values of the shuffle neighbourhood radius shuffle distance, rather than Euclidean distance, improves the
including Euclidean distance,= 1. Note that Generalisation sensitivity of the approach.
and Specificity are in error form, and increase monotonically We have further validated the approach and illustrated
with increasing misregistration, for all values of shuffle radiugs application by performing a comparative evaluation of
The strong qualitative agreement with the results for tiBe results obtained using three different NRR algorithms,
overlap measure demonstrates the validity of the model-baginonstrating the superiority of a fully-groupwise algorithm
measures. over a repeated pairwise approach.

The experiments were performed in 2D to limit the compu-
tational cost of running a large-scale evaluation for a range

] o ) of parameter values and with repeated measurements. The
Figure 11 compares the sensitivities of the different met@yension to 3D is, however, trivial, though the calculation

ods of evaluating NRR. This shows that specificity is morg; shyffie distance for 3D images increases the computational
sensitive (is able to detect smaller misregistrations) than eitheyq; significantly.

generalisation or the overlap-based approach. Note from thg,, he experiments we have reported we used linear ap-
error bars that these differences are statistically significabarance models in the evaluation, but any generative model-
Maximum sensitivity is achieved with shuffle radii o5 and  y, ,jiging approach could, in principle, be used. It is important

2.1. Generalisation is shown to be a valid but not particularly, emphasise that the method is not restricted to evaluating

B. Sensitivity

sensitive measure of misregistration. model-based NRR algorithms, though we presented results for
one such approach; our model-based measures of registration
C. Comparing Registration Algorithms accuracy can be applied to any set of non-rigidly registered
We compared the results of three registration algorithms #&2ges, however they were obtained.
outlined in Section IV-D: At first sight, the result that one of the model-based

« Pairwise registration of each training set image to a fixdgeasures Is more sensitive than the method _bas_e.d on the
reference image, using an image from the training set %erlap of ground-truth labels seems counter-intuitive. On
a reference further reflection this is not, however, so surprising — since

. Groupwise registration based on the MDL algorithrﬁhe model-based approach uses the full intensity image, which

described above, with no constraints on the spatial def(prr_ovides a far richer description of local alignment than that

mations during the registration process (Groupwise 1).provided by the r(_elatively featureless label im_ages.
. Groupwise registration based on the MDL algorithm de- Overall, we believe that our approach provides a powerful

scribed above, using a statistical shape model to constrafProach to evaluating NRR methods, allowing subtle dif-

the allowed spatial deformations between the imaggesrences to be detected without the need for any additional

during registration [16] (Groupwise 2). information. This should prove valuable both in helping to

The results are shown in Figure 13. The specificity obtaingc;fg(\j/%i:]he SZK?IOC%?EET igfrc:ft\i%eNaRRlicn::‘itohnosdglfolgjés nd in
for the two groupwise methods is significantly better thah 949 y P '

that obtained using the pairwise approach, implying better

registration, but it is not possible to distinguish between ACKNOWLEDGEMENT

the two groupwise methods. As might be expected from The authors would like to thank David Kennedy of the

the sensitivity results presented above, it is not possible ¢nter for Morphometric Analysis at MGH, for providing

distinguish between any of the methods using generalisatiqfe fully-annotated brain images. Images from age-matched
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Fig. 12. Appearance model which was built automatically by group-wise registration. First mode is shwrstandard deviations.
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