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Abstract— Statistical region-based segmentation methods such dimensionality than the number of pixels or voxels in the

as the Active Appearance Model (AAM) are used for establishing jmages. In particular, we will use linear functionals based on

dense correspondences in images based on learning the variationg wedgelet basis representation of the texture.
in shape and pixel intensities in a training set. For low resolution
2D images correspondences can be recovered reliably in real- Donoho [7] suggested the wedgelet representation for the
time. However, as resolution increases this becomes infeasibletexture as a means of edge detection and image compression.
?h‘?e to excessive Storagte a”dd COThp“tf‘“?”a'l reqUireme“tts-b'“ An image is represented by a collection of dyadically organ-
is paper we propose to reduce the textural components by . o . . : ;
modelling the coefficients of a wedgelet based regression treelsed md_lcator functions .V\.”th a variety of Iocat_lons, scales and
instead of the original pixel intensities. The wedgelet regression ofientations. The classification and regression tree (CART)
trees employed are based on triangular domains and estimated algorithm [8] uses sequential binary splitting of the spatial
using cross validation. The wedgelet regression trees are func-domain parallel to the coordinate axes, with splits allowed at
tional descriptions of the intensity information and serve to 1) every data point. In contrast to this the wedgelet regression

reduce noise and 2) produce a compact textural description. The . . . L .
wedgelet enhanced appearance model is applied to a case stud)}ree obey special constraints. Only dyadic partitioning (i.e.

of human faces. Compression ratios of the texture information recursive midpoint splitting) is allowed, with the added feature

of 1:40 is obtained without sacrificing segmentation accuracy that at each terminal node a set of affine splits are also appli-
notably, even at compression ratios of 1:150 fair segmentation is cable. The wedgelet tree is a quadtree [9] with terminal nodes
achieved. being either a dyadic (degenerate wedgelet) or an affinely split
dyadic (non-degenerate wedgelet). The constrained splitting

leads to fast algorithms. Within each resulting image terminal

_The Active Appearance Model (AAM) framework [1] haspoge (wedge or square) the pixel values are regressed to their
since its introduction been applied successfully to segmentaaan value.

tion of many types of deformable objects inimages (e.g. faceS’Another opular set of basis expansions for image texture
cardiac ventricles, brain structures [1]-[4]). It is based on the hop P g

S . ._.. are wavelet bases. Wavelets as well as wedgelets are able to
estimation of linear models of shape and texture variation

L : epresent piecewise continuous functions. This is an important
by the use of principal components analysis of landmar ? erty when modeling real world images. Wolstenholme
coordinates and pixel intensities and subsequent |nference'gg(fjp_I_aylor [10] incor orgated a truncatedgHaér wavelet basis
model parameters from unseen images by a tangent plahe Y P . :

NS ) : into the AAM framework and evaluated it on a brain MRI
approximation of the image manifold. . . )

. . ; Lo data set at a compression ratio of 1:20. Later, Stegmann,
Modelling every pixel intensity is manageable for low-

) . . . . orchhammer, and Cootes [11] further evaluated the use of the
resolution 2D images. But moving to high-resolution 2 .
: : . : . aar wavelet as well as the Cohen-Daubechies-Feauveau [12]
images, 3D and even 3D time-series, this approach is rendere S .

wavelet family in the AAM framework. Compression rates

at best very slow and at worst infeasible due to excessivF ] . o .
- . of 1:40 without compromising segmentation accuracy were
storage and computational requirements. Pbtained on a set of face images
o\ .

In order to overcome this problem various alternatives
modelling the raw pixel intensities have been considered.We Wwill generalize the wedgelet transform to triangulated
Cootes et al. [5] used a sub-sampling scheme to reduce figgnains (cf. triangulated quadtrees [13]). This has the major
texture model by a ratio of 1:4. The scheme selected a subddyantage of rendering the wedgelet representation indepen-
of the pixel intensities based on the ability of each pixel tgent of piece-wise affine warps of the triangulated domain.
predict corrections of the model parameters. When explorify'ch piece-wise affine warps are customarily chosen in AAM
different multi-band appearance representations Stegmann E{dheir speed [4] and the triangulated wedgelet representation

Larsen [6] studied the segmentation accuracy of facial AAMBUS embraces this choice. The wedgelet transform results in
at different scales in the rang®? — 10° pixels obtained by @ truncated change of basis for the texture and is represented

pixel averaging. by a r(_agrgssion tree. The regregsion tree i_s estimated using the
In this paper we will take the path of using linear functiondPinimization of the cross validation prediction error across the

descriptions of the underlying intensity patterns and carryidgning set.

out truncated principal component decomposition of the pa-The segmentation accuracy in a wedgelet based AAM is

rameter set of the functionals in order to extract a textuswaluated for a case of human face segmentation using cross

model. These parameter sets will typically be of much lowerlidation.

I. INTRODUCTION
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Il. ACTIVE APPEARANCEMODELS
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AAMs establish a compact parameterization of object vari-
ability as learned from a training set by estimating a set of
latent variables. The modeled object properties are usuall
shape and pixel intensities. The latter is hence forward denotec
texture. By exploiting prior knowledge of the nature of the
optimization space, these models of shape and texture ca
be rapidly fitted to unseen images, thus providing image
interpretation through synthesis.

Training examples are defined by marking up each exampl
image with points of correspondence (i.e. landmarks) over @ (b)
the set either by hand, or by semi- to completely automated
methods. From these landmarks a shape model [14] is builf,'% *
Further, given a suitable warp function a dense (i.e., per-

pixel) correspondence is established between the convex hulb( may be estimated by weighted averaging over pertuba-

of the landmarks in each training example. Thus allowing f?fons of model parameters and training examples. For an in

mod(_aling O_f te_x_turg variability. _ depth description of AAM and the software implementation
Joint variability in shape and texture is modeled by a sgteq the reader is referred to [1], [4], respectively.

of truncated principal components, estimated by an eigen—rpg rejation in Eq. (2) is inverted using the least squares
analysis of the dispersions of shape and texture across i tion

training set. The shape examples are aligned to a common

(a) Human face annotated with 58 landmarks. (b) Mean shape.

mean using a Generalized Procrustes Analysis (GPA) [15], AD N
[16] where all effects of translation, rotation and scaling A | (X X) XAt = QAL. 3)

are removed. The obtained Procrustes shape coordinates are
subsequently projected into the tangent plane to the shapd&he computational problem lies in the repeated application
manifold, at the pole given by the mean shape. The textwéthis relation in the innermost loop of the fitting algorithm.
examples are warped into correspondence using a piece-wisés a non-sparse matrix of dimensiofys+4) x (LM). LM
affine warp and subsequently sampled from this shape-fiaerease exponentionally with spatial dimension. To reduce the
reference. Typically, this geometrical reference shape is tbemputational burden we propose to use a truncated basis for
Procrustes mean shape. the representation of the pixel intensities. This introduces the
Let s; = vec{(wijx)}, ¢ = 1,...,1, j = 1,...,J, k = added overhead of transforming between image pixel intensi-
1,..., K be J landmarks coordinates ik dimensions sam- ties and this new representation. However, if this transform
pled from at training set of images, and let; = vec{(vyi,,)}, iS based on a sparse matrix, as is the case with wavelet
I=1,...,L,m=1,...,M be pixel intensities sampled & and wedgelet transforms the computational burden can be
sites inM color components for the sanfetraining images. considerably reduced.
Furthermore, lett and¢ denote the mean shape and texture.

Synthesized examples are parameterizedgnd generated IIl. WEDGELETDECOMPOSITION

by The wedgelet approach is a way of representing images
locally, orientation adaptively and at the appropriate scale.
E{s} =35+ ®.0 It involves a very simple basis used at different scales. The

E{t)=t+®,0 (1) formulation in [7] is for a dyadic domain but the nature of

the AAM imposes a shift of basis from dyadic to triangulated

where &, and ®; contain the firstp eigenvectors of the domains.
estimated joint dispersion matrix of the shape and textureFor each node in the wedgelet tree we may consider the
vectors,s; andt;. Eq. (1) constitutes the appearance modefollowing three wedgelets types:

In order to infer the parameteésas well as the four scalar 1) a degenerate wedgelet, this is a terminal node without
parametersyy — scale, orientation, and translation — of a 2D an affine split, cf. Fig. 2(b) and 2(f);
Euclidean similarity group, of a previously unseen image a2) a non-degenerate wedgelet, this is a terminal node with
Gaussian error model between model and pixel intensities is ~ an affine split, cf. Fig. 2(c) and 2(g);
assumed. Furthermore, a linear relation between changes id) an interior node corresponding to a step through scale
parameters and difference between model and image pixel space, cf. Fig. 2(d) and 2(h).

intensitiesAt is assumed, i.e. The wedgelet decomposition is seen to be embedded into a
guadtree structure. In this structure the templates are the nodes

At— X [ At } @ and the step through scale space the branches. Furthermore,

AG |’ the terminal nodes are all either degenerate or non-degenerate



1 %8 T

(@ (b) }\ (d)
(e ) (@ (h)
Fig. 2. Templates on the dyadic domain (top row) and the triangulated domain

(bottom row). Plots (a) and (e) show the applicable affine split beginning at
a particular perimeter point.

wedgelets. The resulting structure is a regression tree [8]. The
corresponding regression model predicts the pixel intensity - (b)
greyscale, RGB or other - at thHéh image coordinater; in

the ith image,y;;, with a constantu;. in each region for Fig. 3. A representation of (a) a binary image and (b) the resulting tree
each image structure; the tree nodes are of typedegenerate) non-degenerate interior.

file) = pirH{a € 1} (4) I )
r CVEnosplit = > 2 it — el (6)

i=1®xce

I{x; € r} is an indicator function returning if x; belongs “e

to r. Note that for notational simplicity we have dropped the The optimal split/no split cross validation errors for a
indexm for color component on the intensity values,. For triangle and its three siblings are then compared to those for
M > 1, ya is a vector of intensities at the color components their parent in order to determine if a non-degenerate or a

modelled. degenerate wedgelet should be declared or if the four siblings
For the sum of squared error loss criteridn, ||(y: — should be merged into a triangle or a dyadic a the next higher
1 [
fi(z)||? it is easy to see that that optimal, is just the (Parent) level. _ _ _
average ofy; in regionr, ji;, = ave(ya|z; € 7). In order to be able to control the compression ratio obtained,

The optimal partitioning is found by a bottom-up approach/® @dd a complexity penalty to the error term over which
For each triangle at each level we seek the model that mifé Carry out cross validation. Th|23 complexity penalty is
imizes theC-fold cross-validation estimate of the predictiorProPOrtional to the image variance;, the area of the root
error across all affine splits/no split. triangle, Aqot and inverse proportional to the area of the

Letx : {1,...,I} — {1,...,C} be an indexing function friangle under consideration,tﬁang|e le.

that indicates the partition to which training object (image) A

. o 2 2 root
i = 1,...,1 is allocated by randomization, and denote by CP(A) =A% 07— (7)
570 the split estimated with the(i)'th part removeda = triangle

a(37"®) and b = b(3~"(") are the regions resulting from In comparison Donoho [7] proposed a similar complexity
splitting a dyadic or a triangle by this affine split*(), andé¢  penalized residual sum of squares criterion for the case of
is the entire dyadic or triangle. Furthermore, let the regressimmedgelet compression over a single image, i.e.
parameters from th&h image resulting from applying the split
57+ be
CPRSSP,\) =) [y — f(2;; )| + NcardP)  (8)
l

fiir = ave(y |z € 7), 7€ {a,b,é}. (5) wheref is the regression model in Eq. (4}, is the partition,
and cardP) is the cardinality ofP. Our complexity penalty

in Eq. (7) uses a relative area weighting to compensate for
local size differences across the training set.

Then the cross validation errors become

I The optimization over all affine splits is conducted as an
CVEgpiit = Z Z lya — fuiall® exhaustive search over a discretization (cf. Figs. 2(a) and 2(e))
i=1 Le€a corresponding to the pixel size. The indexing of pixels within a
triangle and computation of areas are conveniently done by the
+ Z lyar — gl use of barycentric coordinates [17] (cf. the appendix). Fig. 3
x,€b shows how a result on a binary image might look.



IV. USING WEDGELETS WITHAAM

When working on an AAM, an initial triangulation is avail-
able from the annotation and Delaunay triangulation on the
mean shape (cf. Fig. 1(b)). This initial collection of triangles
will be the root of the tree. From here each branch will be
equivalent to the type of tree shown in Fig. 3.

After having grown a common wedgelet tree as described
in the previous section for the training set, we can proceed
to train the wedgelet enhanced appearance model. As before
the shape is described by the landmark coordinates, i.e.
s; = ved{(z;;x)}. However, for the texture we substitute the
wedgelet coefficients for the original intensity samples, i.e. we
uset; = vec{(fiym)},r=1,...,R,m=1,...,M. Ris the
number of regions used by the wedgelet tree.

The active part of the wedgelet enhanced appearance model
is trained using Egs. (2) and (3). The resulti@gmatrix has
dimensions(p + 4) x (RM). In each iteration of model to
image fitting this is also the number of multiplications and
additions to be carried out. However, we must also take into
consideration the added overhead of calculating the wedgelet
representation of the image patch that is covered by the
model in each iteration. Letting every pixel fall into just
one region of the wedgelet tree the computational load in
computing the regional means is essentially}/ additions
(and R multiplications). Let the compression ratio of the
wedgelet representation be= L/R, then the reduction in
computational load is better than a factor

LM+ (p+4)RM 1 +1 )
(p+4)LM — p+4 A

As we shall see compression ratios of 1:100 are achievable
and therefore the expression is usually dominated by the
first term yielding a reduction factor equal to the number of
parameters in the model.

We have here ignored the computational load related to (b)
warping the image patch to the model. This is conveniently
and fast accomplished using modern graphics hardware [4].

V. RESULTS AND DISCUSSION

Data for the experiments are an image database of 37
annotated faces. Each image i$540 x 480 RGB image of
a face of an adult human. The data set consists of images of
7 female and 30 male faces. Each face has been manually
annotated with 58 corresponding landmarks (see [4] for a
detailed analysis).

Fig. 4 shows the result of compressing a single image
using the approach described above. The original Delauney
triangulation of the face data set (cf. Fig. 1(b)) is subdivided
using the penalized complexity criterion in Egs. (6) and 7)
above. In Fig. 4 wedgelet compression at ratios 1:3 and 1:40
for a single face are shown.

In Fig. 5 the combined principal components of the texture ©
desc”_ptorsf‘”m and the tanger)t spgce aligned Iandmar,l_zt . 4. Images compressed using triangulated wedgelets. (a) 1:3 ratio and
coordinates are shown. Comparing Figs. 5(a) and 5(c) wi#) 1:40 using the triangulation from Fig. 1(b). (c) Result (b) superimposed
a compression ratio of 1:3 and Figs. 5(b) and 5(d) with a ratigth the subdivided original mesh.




of 1:40, we see that the the first principal components contain
the same variations independent of the compression ratios.
This leads us to conjecture that the wedgelet representation
indeed dismisses irrelevant noise components and retains orig-
inal signal information.

In Fig. 6 examples of the segmented facial features using
a wedgelet enhanced AAM with compression ratios 1:3 and
1:40 are shown. Again the results are indistinguishable.

In order to compare the segmentation quality of the
wedgelet enhanced AAM and its ability to perform with
increasing compression ratio we have conducted a cross-
validation study across the construction of both the wedgelet
decomposition of the training set and the construction of the
AAM. The average landmark distance from model to ground
truth has been used to measure the performance.

The models were initialized using a displacement of 10%
of the width and the height of the mean AAM model from the
optimal position in ther andy direction.

For face segmentation we show compression rates of 1:150
with a decrease in segmentation accuracy of 8%. For brain
segmentation the wavelet compressed AAMs reports compres-
sion rates of 1:20 with a decrease in segmentation accuracy
of 7% [10]; and a compression rate of 1:40 with a decrease
in segmentation accuracy of 8% [11]. These experiments were
carried out on grayscale images.

As expected a slight decrease in performance is seen as
the compression ratio increases (cf. Fig. 7(a)). Furthermore,
using wedgelets yields good results all the way up to 1:150,
(cf. Fig. 7(b)). Since the method proposed can easily be
extended to 3-D, this makes it possible to apply the AAM
onto high resolution medical images such MR or CT images
both in 2 and 3 dimensions. The major differences between
wedgelets and wavelets are in the synthesized image and in
the computational time. The truncated wavelet representation
yields nice and smooth synthetic images very pleasing to

the eye. However, it should be noted that the purpose of

the wedgelet enhanced appearance model is segmentation |
with minimum storage and computational cost and not image ‘
reconstruction. Therefore the model should not be evaluated

on the "blockyness” of Fig. 4 and Fig. 5. Fig. 4 serves

to demonstrate where in the images important information

(@ PG

regarding segmentation is present. Fig. 5 demonstrates that
the low order principal components of the uncompressed
and the compressed data set are similar. On the other the
hand the truncated wavelet transform is computationally more
demanding than the truncated wedgelet transform for the same
number of basis functions. Wedgelets produce visually more
coarse results than wavelets. However, they reduce the texture
descriptor size and hereby reduce the computational cost and
storage cost significantly due to the reductior(pfn Eq. (3).
Since the number of latent variables is almost unchanged, the

size reduction ofQ is approximately the same as the texture () PG (d) PG
compression ratio. This increases the speed and the storage
cost of the AAM. Fig. 5. 1st and 2nd principal components shown at +3 standard deviation,

. ean and -3 standard devciation for (a—b) wedgelet compression ratio 1:3,
We have used the wedgelet based functional representa{fgra) wedgelet compression ratio 1:40.

of the image intensity patterns in order to obtain a more
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Fig. 6. (a) Wedgelet AAM using a wedgelet compression rate of 1:3, (b)
1:40.

12 b

parsimoneous description of the texture. However, we cal -
also think of such a functional representation as a way il 1| |
regularising the principal components solution. |
10 !
V1. CONCLUSION AND FUTURE WORK |
Different criteria have been reported in the AAM literature ; °f |
for choosing model complexity. In the original formulation ‘
a threshold at 95-98% was used on the cumulated variancg °
described by the principal components. Alternatives includeg
1) "elbow” identification in scree-plots of covariance matrix
eigenvalues [18]; 2) statistical comparison of covariance ma s
trix scree-plot with scrambled data covariance scree-plots [19°
3) probabilistic PCA modelling using AIC, BIC or cross vali-  s-
dation [20]. For the compression AAM models the following
methods have been applied. For the subsampled AAM [5 *
the subsampling is given by the union of th& elements
(pixels) with largest absolute value in each column @f
(since large regression coefficients does not necessarily mean

high sianifican for multiole rear ion this m n FHg. 7. Segmentation accuracy determined by cross validation across
gh signiticance 1o ultiple regression this may not be v‘?/{edgelet compression and AAM segmentation. The abscissae are the ratio

good idea). For the wavelet compression AAMs [10], [11] thEetween the number of pixels and the number of wedges in the model. This
criterion used is based on retaining as much variance across be interpreted as a compression ratio. The ordinate is the mean point to

the training set as possible for a given compression rat .int predicti_on error evaluated at the original 58 landmarks for all faces in
i . Ihe cross validation study.

The original wedgelet representation [7] uses a complexity

penalized (CP) RSS criterion. For the multi object (image) sit-

uation we introduce the complexity penalized cross-validation

error in Egs. (4) and (5). The complexity penality in Eq.

(5) favours relative larger wedges/triangles (compensating for

scaling differences/warps between images). The multiplicatioectangular domains. The wedgelet scheme can readily be

of the CP with the image variance compensates for (gaieytended to higher dimensions and we aim to pursue this

differences between training images. in near future. Also, additional constraints such as enforcing
We have defined a 2D wedgelet transform on triangulatednnecting edges between neighboring wedgelets as well as

domains. We have demonstrated how cross-validation canallewing pertubations of semi-landmarks introduced on the

used to arrive at a truncated wedgelet representation of #ages between their parent landmarks are considered.

texture in an active appearance model setting. The triangu-

lated wedgelet transform embraces the triangulated domain$n applying the wedgelet transform to ensembles of face

used in AAMs in contrast to previous attempts based amages we arrive at compression rates up to 1:150 with only

wavelet transforms. The wavelet transforms require pixelatedbtle degradation of the segmentation accuracy. Even higher

handling of boundaries because they are inherently basedocompression rates will apply for 3D and 3D+time.

r (pixels)
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