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Abstract
Automatic localisation of correspondences for the comsion of Statis-
tical Shape Models from examples has been the focus of iatesearch
during the last decade. Several algorithms are availabdeb@mchmark-
ing is needed to rank the different algorithms. Prior work facused on
evaluating the quality of the models produced by the algoré by measur-
ing compactness, generality and specificity. In this papeei® problems
with these standard measures are discussed. We proposegittaind truth
correspondence measure (gcm) is used for benchmarkinghathisipaper
benchmarking is performed on several state of the art algos. Minimum
Description Length (MDL) with a curvature cost comes outreswinner of
the automatic methods. Hand marked models turn out to bebbestsemi-
automatic method is shown to lie in between the best autormagthod and
the hand built models in performance.

1 Introduction

In recent years there has been a lot of work on automatic eantistn of Shape Models.
There are several different algorithms for this automatoziei construction. The algo-
rithms locate parameterisations of the shapes in the trgisét to get correspondences
between the shapes.

Attempts have been made to locate correspondences on sisipgshape features,
such as high curvature [10]. Many have stated the correspaadproblem as an opti-
misation problem [1, 2, 6, 7, 8, 9, 12, 16]. Minimum Desciaptiength, (MDL) [5], is
a paradigm that has been used in many different applicat@ften in connection with
model optimisation. In recent papers [5, 11] this paradigmsed to locate a dense cor-
respondence between shapes.

There have been some recent interesting papers includig @o the problem of
matching one point set to another, [3, 18]. However theserdglgns only match one
shape to another, instead of working with the training set atole.

In short the field has matured and there are many algorithmitahle. So there is
a need for benchmarking of these algorithms. In recent yeeamilar development has
taken place in the field of stereo [14].

In order to evaluate these algorithms, different measufdleoquality of the pa-
rameterisations and the resulting models have been usttk ffiodel is to be used for a
specific purpose, such as segmentation of the heart inga@nis, the choice of algorithm
should be made using a criterion based on the applicatiora Fere general evaluation
of shape model quality the standard measures are compsgcspesificity and generality
[4]. Itis also common to evaluate correspondences sub@gtby plotting the shapes
with some corresponding points marked.

In [15] the quality of registrations of images is evaluatethtby measuring the over-
lap with ground truth and by measuring model quality measateh as specificity and



generality of models constructed from the registered imagEehere it is claimed that
ground truth correlates with generality and specificity.isTis shown by doing random
perturbations of ground truth and noting that all the measumcrease monotonously.
However, this does not show that the measures are minimag around truth.

Measuring the sensitivity to perturbation of ground trutis ialso claimed that speci-
ficity is more sensitive than the other two measures.

Instead of measuring sensitivity to random perturbatiaroitild be more interesting to
examine which measure is most suitable for choosing betivagtraining sets produced
by different non random strategies. This might be done binphuman experts choose
which is the best of the two compared training sets.

In this paper problems with the standard general model tyualeasures, namely
compactness, generality and specificity, are discussedshMe that especially speci-
ficity and compactness do not succeed in measuring what ttespat to measure. With
practical experiments we also show that the standard mesdarnot correlate well with
correspondence quality. Also these measures are not tataetin the sense that they do
not assign a single number to describe the quality of theeshagalel.

What should be considered as a shape model of high qualiiglidyhdependent on
the application. For example the model that performs besegmentation might not be
the model that performs best on classification.

The qualities that the standard measures attempt to mesguéen, but certainly not
always, important. However, even when they are importanvawill see, it is problem-
atic to actually measure them. For most applications higllityuwof the correspondences
is desirable. A shape model built from correct correspondsiis a model that correctly
describes the shape variation within the class, whereasijlialse shown, a simplified
model can get excellent measure of specificity, generatith@mpactness, but relevant
shape information may have been lost. We propose that a driouthh correspondence
measure (gcm), measuring the quality of the correspondeatdenportant locations, is
used for measuring correspondence quality and that thiseid for benchmarking.

The four major contributions in this paper are: (i) It is shmotlat former shape model
measures have severe weaknesses. (ii) A corresponderlitg measure (gcm) is pro-
posed and it is shown that gcm together with a database ofidrtouth correspondencesis
well suited for benchmarking algorithms for corresponddocalisation. (iii) A database
of eight datasets consisting of a total of 28518 ground tpaints for the natural datasets
set by 25 people and matlab code for evaluating algorithnmaiidished. (iv) Bench-
marking of several state of the art algorithms is presenmed@DL with a curvature cost
comes out as the winner.

2 Measuring model quality

Generality. By generality is meant how good the model can generalisertoddy un-

seen shapes. The model should be able to describe all shiatesabass and not only
those of the training set. This is measured by doing leaveoahtests, where a model is
built by using all but one of the shapes in the training sets iodel tries to describe the
left out shape. The error in [4] for one left out shape is themof the difference between
the modeled shape and the true shape. Generality is meassithd mean over all left
out shapes. Usually this is plotted over the number of moded by the approximating
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wherex; is the left out shape anx{(nm) is the attempted description using the model
with npy modes. One problem with measuring generality is that thamaterisation of
the left out shape is unknown. This is often solved by letthgshape be included in the
correspondence localisation, but this leads to an undevatsbn of the error.

In [15], a different version of the generalisation measanesed. This version avoids
the leave one out problem, but it does not measure gendiafisdility to shapes outside
the training set.
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Figure 1. Problem with the specificity Figure 2: Problem with the compactness
measure. measure.

Specificity. A specific model can only represent shapes from the shape fdasalid
parameter values. This has been measured by generatirggalaount (N) of shapes by
picking random parameter values for the model accordingegtarameter space distri-
bution. Each sample shape is then compared to the most sBhdge in the training set.
A quantitative measure for this [4] is:

N
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whereyj’ are shape examples generated by the modeypisdhe nearest member of the
training set tcyj andnp, is the number of modes used to create the samples.

To illustrate a problem, assume two models built from a trejrset consisting of
rectangles as shape A and shape B in Figure 1. Model 1 gesseat®les as shape C and
model 2 generates samples as shape D. These models willduaadeseecificity measure,
since C and D have equal distance to the closest shape irathimgy set. However shape
C belongs to the shape class, but shape D does not.

The standard specificity measure can give the same errandges that belong to the
shape class (but are between two shapes of the trainingssittjl@es for shapes that do
not belong to the shape class.

Compactness. A compact model is a model that represents all shapes of éss alith
as little variance as possible in the shape variation modegeeferably with few modes.
A measure of compactness is the sum of variances of the mgjdel |

Clhm) =S A, 3)
J; j



where); is the variance in shape mogl@ndC(ny) is the compactness usimg number
of modes. This measures the sum of variance of the modes tutve for one model is
below or equal to the curve for another model forg{land lower for somey, the model
represented by the lower curve is said to be more compact [4].

In Figure 2 the compactness functions of two models arequlofthe total variances
of the two models are equal. For model A all variance is cotraéed to the first mode.
The graph for model A therefore goes up to the total variandlee first mode. For model
B the variance is distributed equally over all modes. It igiobs that model A should
be considered to be more compact than model B. However, tisingriterion, described
above, for choosing the more compact model, model B wouldelected as the most
compact model. Therefore we can conclude that this compastmeasure is not suitable
for selecting the most compact model.

Comparing quality of models In general if the curve for one model is below or equal
to the curve for another model for ai}, and lower for somey,, the model represented
by the lower curve can be said to be more compact, specificreergedepending on the
measured quantity [4].

A problem when measuring generality, specificity and cortmess is that if the
curves G(nm), S(nm) or C(nm)) for different models intersect it is not possible to choose
which model is of higher quality.

3 Ground Truth Correspondence Measure

In order to measure the quality of the correspondences peatlioy an algorithm for au-
tomatic correspondence localisation, datasets with mgrioaated landmarks and syn-
thetic datasets with known corresponding points can be.used synthetic examples
these marks are exact but for manually placed marks therfecisurse a subjective ele-
ment and also the introduction of a small error is inevitable

Let the parameterisationgof the shapeg; be optimised by the algorithm that is to
be evaluated. Then, for every shapéi = 1,...,ns) together with its ground truth points
gij (j =1,...,ng), find t;; so thatx;(y(t;)) = gij. This means that the parameter values
that correspond to the ground truth points on the shape dcalated. Formallyt; =
yi’l(xi’l(gij)). Now, for every shapgy (1 < k < ng,k # i) use the same parameter values
tij. The points produced should be close to the ground truthtpoiithis shape, if the
parameterisation functions represent correspondendeglofjuality. That isxk(w(tij))
should be close tgy. This is measured as the mean distance in the metdcer all

shapes in the dataset.
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wheretjj is the parameterisation parameter value for the grount paint j on shape.
The constants is the number of shapes anglis the number of ground truth points. Any
metric could be used, but in this papHia,b) is the length of the shortest path between
the pointa and the poinb along the shape, which has been normalised to have area one.
Locally (usually also globally) the shortest path is a gesicieApart from the advantage
of measuring the error along the shape, this also gives sovaeiance. On curves the
metricd corresponds to the arclength distance on curves normatidedgth one.

Note that in case of intersections of the shape the path ialloeted to use the inter-
section as a short cut. Think of the lettefor an example of a shape with an intersection.

In [13] a similar measure is used to evaluate correspondemteegistered surfaces.
However, there the distance between the correspondindspisimeasured as the Eu-
clidean distance. Also, the distance is measured betwedatspm a deformed template
and points on the target surface whereas here we focus opwisricorrespondence.

Due to the subjective nature of choosing ground truth paintsatural shapes, statis-
tics about the ground truth points could be taken into actouet a number of people
mark ground truth points on the same dataset. Means andheas@&an then be calculated
and the norm used to calculate gcm can then be the Mahalammiiglised distance,
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whereg; is the mean andy; is the standard deviation for landmajrlon shapex.

gcm=

4 Experimental Validation of gcm

The first experiment was to start from correct corresponeg@nd then optimise the
parameterisations so as to minimise the description lergginthetic box bump shapes,
consisting of a rectangle with a bump on different positionghe top side, were used for
this test, since we know the true correspondence here. The ofthe description length
(DL) and the ground truth correspondence measure (gcm)tbeaerumber of iterations
is plotted in Figure 3.

Itis interesting to note here that the gcm increases as #wigéon length decreases.
The minimum, when the parameterisation is optimised witbcdption length as goal
function, does not correspond to true correspondencesiglird=5 it can be seen that
minimising the description length from true correspondssitas resulted in worse corre-
spondences.

In Figure 4 the compactness and specificity measures irditat the optimised
model has higher quality. In this case we started from grdrutth and as can be seen in
Figure 5 the correspondences are worse for the optimiseéim®d we can conclude that
compactness and specificity do not correlate with corracespondences. The problems
with compactness were already noted in [4]. In Figure 6 theeiigity is evaluated vi-
sually. The upper model is built from ground truth corregpemces and the lower model
is built from DL-optimised correspondences. The plots slieevmean shape plus three
standard deviations of the first two shape modes. Since taarthis case only has one
shape mode it is enough to examine the first two modes as ipltitisThe model built
from ground truth correspondencesis clearly more spedbific the DL-optimised model.
The slight distortion in model 1 is due to the alignment of #irapes. The Procrustes
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Figure 6: Mean shape +3 std of the first
Figure 5: Ground truth and dl corre- two shape modes for models built from
spondences. The figure shows the bumpground truth correspondences (Model
part of the shapes. 1) and DL-optimised correspondences
(Model 2).

alignment introduces nonlinearities in the shape modesmHfigure 6 it can be con-
cluded that the model built from better correspondencesatisr specificity, contrary to
the conclusion of the plot of 2 in Figure 4. So also in practlee specificity measure
defined by 2 does not work.

Summing up this experiment, the conclusion is that althaagtimising the descrip-
tion length is a good method for finding approximate corresi@mces, in this case it fails
to locate the correct correspondences and the specificiagune fails in practice. In [4]
a similar experiment shows that MDL does succeed in findirtgra correspondences
on the synthetic box bump data set. However, in this experitihe important Procrustes
alignment step is skipped and the shapes are given perfape stignment.

In the second experiment silhouette shapes (22 contouasefilhouettes) initialised
with arclength parameterisation were used. We optimispdnameterisation with respect
to MDL [5] until convergence (40 iterations). Then we contirthe optimisation with
respect to MDL plus a curvature cost [17] until convergeraa®(ther 40 iterations).

Figure 7 shows the resulting correspondences on the padréshapes corresponding
to the eye. The plots show landmark 25 to 40. Anatomicallg #fiows the end of



the forehead and the beginning of the nose of a person lodkirige left. The nose
begins approximately at landmark 34 in the bottom row. Threaspondences are clearly
better when using curvature. Other parts of the curves andasi The top of Figure

dl

Figure 7: Corresponding landmarks on parts of silhouettes.

9 shows how gcm decreases when curvature is added. The rpiddlehows how DL
first decreases as it is minimised, but then when DL + cureatast is minimised in
the second part DL increases. So gcm captures an improvémemtrespondences that
DL misses. In Figure 8 it can be seen how the measures of diyerampactness and
specificity all indicate that the model without curvaturesttbas higher quality. So the
standard measures can not be used to measure correspoqdalitye

Optimisation of DL with and without curvature cost
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Figure 8: The standard measures of the Figure 9: Optimisation of DL and DL +
DL and DL + Cur silhouette model. Cur for 4 silhouettes.

This experiment shows that gcm captures an improvementriegmondences that
generality, compactness, specificity and DL all miss. Thédates that they can not be
used for evaluating correspondence quality.

As an extreme example it is possible to get perfect compastspecificity and gen-
erality (zero) by placing all landmarks in one point on alhphs.

5 Benchmarking using gcm

First a database of eight shape classes was built. The festtape classes (sharks, birds,
flight birds, rats, forks) are curves generated from imagéise database used in [16] and
each of these shape classes consists of 13-23 shapes witihdgrath correspondences
(from 10 to 21 landmarks) manually marked. The sixth andthighape classes are the
silhouette, and boxbump shapes from the previous sectiba.séventh dataset consists
of 23 contours of a hand.



Algorithm sharks birds flightbirds rats forks silhouettes hands mean median boxbumps®
arclength (gem) 1555 2288 712 13.37 19.11 8.93 14.00 14.42 14.00 -
MDL (%) 27.217 65.170 56.33° 29.037 19.413 26.238 17.608 37.268 29.037 29.203
MDL+Cur (%) 21511 79.98 4502 27.02% 23268 22542 14.80% 33443 23261 17.421
MDL+me (%) 29.269 91679 618010 30.108 1983* 47.768 16817 42468 30108 50.20°
MDL+nodecost (%) | 2613 66.717 56.347 28,908 19212 47377 16248 3727 28908 30974
MDL+Par (%) 24.40° 6240° 47944 27.803 18281 39,885 14172 33554 27.80% 85.807
aias+ml 21933 2338t 57.688 2837 2037 38814 14573 29.30% 23382 75,9388
aias+mdl+cur (%) 21612 23732 47733 27.422 23927 26123 14172 26,381 23923 111008
eucl (%) 437610 60.02% 58859 36,9210 27.328 1297410 263910 | 547110 | 437610 116829
eucl+cur (%) 28848 55183 53547 35.03% 28599 103579 18269 46.149 35.03° 1188810
cur (%) 22014 1111610 45822 27.96% 311910 2112% 15845 39.307 27.96° 17.60%
semiauto (%) 2031 2040 7768 2458 1432 1667 927 2189 2031 1652
handmade (%) 17.94 8.84 1424 10.44 7.33 953 6.67 1071 953 0.00

Table 1: The second row in the table shows the gcm for ardiepaytameterisation of the
different datasets. The following rows shows the percentd#gycm error (Mahalanobis
normalised) left after optimising from arclength paramisegion. The upper index indi-
cates the rank of this algorithm on this dataset. The winaiggrithm on each dataset
is bold. Since the boxbumps (*) are so easy to mark, only omgopehas marked this
dataset and the gcm without Mahalanobis has been used.

All the natural examples have been marked by 18-25 peopldotah the database
consist of 28518 (not including the synthetic dataset) gdotnuth landmarks manually
set. The boxbumps are synthetic with a total of 1464 grouutth tpoints on 24 shapes.
This database together with code can be downloaded fronuthers web site.

The following algorithms have been benchmarked using gcm:
arclength: All the landmarks are placed with equal arclength distanemfeach other.
MDL, MDL+Cur: The parameterisations are optimised so as to minimise $eigéon
length (plus a curvature cost in the second case) of the namdithe dataset [5, 17].
MDL+me, MDL+nodecost, MDL+Par: These are techniques aimed at avoiding clus-
tering of landmarks [5, 11, 17].

AIAS+MDL, AIAS+MDL+Cur: The description length with and without curvature cost
is minimised for an Affine Invariant Active Shape model [7].

Eucl, Eucl+Cur: The parameterisations are optimised to minimise the Eeafiddis-
tance (plus a distance in curvature difference in the secard) between corresponding
points on all the shapes.

Cur: The curvature cost used in the algorithms above is here ysigskif as a cost func-
tion to be minimised.

Handmade: Also handmade models of all the datasets were built by ardifteperson
than the ones marking ground truth. This was done withoutvikmgp which anatomical
points were used as ground truth.

All tests were performed with 128 landmarks, 40 iterationd @ reparameterisation
control nodes.

Table 1 shows the remaining percentage of gcm (with Mahdlishafter optimising
from arclength (100% means equal gcm as when using arclgragtimeterisation and
0% means perfect correspondences according to gcm).

AIAS+MDL+Cur is the algorithm that is best in mean. This aftfom succeeds es-
pecially well on the bird dataset. MDL+Cur has the lowest rmpdesult. Since the
median is a more stable measure and since MDL+Cur is the lggsitam on three nat-
ural datasets and also performs best on the synthetic ¢idt#3e+Cur is selected as the
winning algorithm. There is no algorithm that is best on atabets and no algorithm
gives as good correspondences as the correspondencedlgnararked.

For the winning algorithm gcm was then used to pick optimahpeeter values, such



as number of landmarks and number of parameterisation rmydegluating gcm on the
shark dataset. The algorithm was then run with these paessen all datasets, which
resulted in an even better algorithm.

Since handmade models are best, a semi-automatic algosigisntested. Five shapes
were manually marked and then kept fixed, while the rest ofstiapes in the dataset
were optimised one by one using DL with curvature cost to #t five fixed shapes.
This results in an algorithm better than all the automatjpathms, see Table 1. Seven
control nodes were used for all natural datasets but foryththetic boxbumps 15 nodes
were used. Experiments with 15 nodes for the automatic idtgos results in worse
correspondences for all algorithms except Eucl and Eual«@were only slightly better
results were obtained.

6 Summary and Conclusions

For evaluation of the quality of shape models built from espondences located automat-
ically there have formerly been a number of standard methlodthis paper it is shown
that these methods have severe weaknesses. We proposeral Gty Correspondence
Measure (gcm) for the evaluation of correspondence qualibe used in benchmarking.
It is shown in experiments on different datasets that thissuee corresponds well to
subjective evaluation of correspondence quality, whetieastandard measures do not.
It is also shown that optimising correspondences usingrigi®n length initiated with
correct correspondences can result in worse correspoeslenc

In this paper several state of the art algorithms are bendtedaising gcm. In Table 1
it can be seen that in median MDL+Cur is the best algorithmitirgdalso best on the
synthetic dataset. There is no algorithm that is best oreddisbts and no algorithm gives
as good correspondences as the correspondences markeallgnanie semi-automatic
algorithm is better than the automatic on all datasets iflidgghtbird dataset.

In previous work it is often claimed that automatic algarithgive better correspon-
dences than models built by hand. These claims are ofterosiggpby measures like
generality, specificity and compactness. In this paperlprob with these measures are
discussed and it is shown that they do not correlate withespwndence quality. Mea-
suring gcm, it is concluded that models carefully built bywtiare actually very good.
In some cases it may not be reasonable to manually mark thddtsset but, as seen,
a semi-automatic approach, where only five shapes need tambeatly marked, works
very well.

As a final note, of course it would be desirable to have grouwutth free measures,
but since the measures available all have severe problésnaut view that ground truth
based measures must be used for evaluation of shape models.
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