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Abstract is so common, it is important to be able to: (1) construct

) ) AAMs from occluded training images, and (2) efficiently fit
Active Appearance Models (AAMs) are generative para- pams to novel videos containing occlusion.
metric models that have been successfully used in the past

to track faces in video. A variety of video applications
are possible, including dynamic pose estimation for real-
t!me user interfaces, lip-reading, and expression recogni-, apply Principal Component Analysis with missing data
tion. To construct an AAM, a number of training images of [15,16] to compute the shape and appearance variation
faces with a mesh of canonical feature points (usually hand-"""" ) o '
marked) are needed. All feature points have to be visible " Section3 we show how teefficientlytrack an AAM
in all training images. However, in many scenarios parts With occlusion. While it may seem that fitting with occlu-
of the face may be occluded. Perhaps the most commorpion is _S|mply a matter of_ addln_g_ a robust error function,
cause of occlusion is 3D pose variation, which can causell W& Wish to retain both high efficiency and robust perfor-
self-occlusion of the face. Furthermore, tracking using stan- Mance, the task is more difficult. Theina Gauss-Newton
dard AAM fitting algorithms often fails in the presence of &lgorithm is very slow 3] requiring minutes per frame. Ef-
even small occlusions. In this paper we propose algorithms{iCient robust fitting algorithms have been proposgd],[
to construct AAMs from occluded training images and to however, as we will show, these algorithms make approxi-
efficiently track faces in videos containing occlusion. We ™Mations that adversely affect their robustness. See Figure
evaluate our algorithms both quantitatively and qualitatively ~ We begin Sectior8 by first describing our previously
and show successful real-time face tracking on a number ofintroduced (non-robust) project-out inverse compositional
image sequences containing varying degrees of occlusionsAAM fitting algorithm [13]. In Section3.2 we show that
the ndve robust extension to this algorithm is very ineffi-

. cient. We then propose a novel (hon-robust) fitting algo-
1 Introduction rithm, the normglizgtion inverse <(:omposition)al alg%ritr?m
in Section3.3 and empirically show its equivalence to the
project-out algorithm. In SectioB.4we describe the robust
extension to the normalization algorithm and show in Sec-
tion 3.5 how to implement the robust normalization algo-
rithm efficiently. In SectiorB.6 we demonstrate successful
face tracking using the robust normalization algorithm on
a number of image sequences containing occlusion. The
overall tracking algorithm runs at around 8 frames-per-
second in Matlab and around 50 frames-per-second in C.

In Section2 we describe how to construct AAMs with
training data containing occlusion. We first generalize
the Procrustes alignment algorithm. We then show how

Active Appearance Models (AAMs}] (and the closely re-
lated concepts of Active Blobslfl] and Morphable Mod-
els [4]) are generative parametric models commonly used
to track faces in video. AAMs are normally constructed by
applying Procrustes analysis followed by Principal Compo-
nents Analysis (PCA) to a collection of training images of
faces with a mesh of canonical feature points (usually hand-
marked) on themd]. AAMs are then fit frame-by-frame to
input videos to track the face through the vid&pl[3]. The
best fit model parameters are then used in whatever the cho-

sen application is. A variety of video applications are pos-

sible, including dynamic pose estimation for real-time user 2  Construction With Occlusion

interfaces, expression recognition, and lip-reading.

In many scenarios there is the opportunity for occlusion. We first define AAMs and then describe how they are con-
The occlusion may occur in the training data used to con- structed from training data with occlusion. The input con-
struct the AAM, and/or in the input videos to which the sists of a collection of training images of the phenomenon to
AAM is fit. Perhaps the most common cause of occlu- be modeled with the location of all of thésible mesh ver-
sion is 3D pose variation, which often causes self-occlusion.tices in each of the images marked. Due to self-occlusion
For faces, other causes of occlusion include sunglasses andr occlusion by an object, only a subset of the vertices may
other objects placed in front of the face. Since occlusion be visible in any given training image.



2.1 Shape

The shapeof an AAM is defined by a triangulated mesh
and in particular the vertex locations of the mesh. Math-
ematically, we define the shapeof an AAM as thezy-
coordinates of the vertices that make up the mesh:

S = (x15y17x27y23"'7xU7yU)T' (1)

AAMs allow linear shape variation; i.e. the shapean be
expressed as a base shapelus a linear combination of
shape vectors;:

(b)

Figure 1:Occluded data. (a) Original images with all mesh ver-
ticess visible. (b) Images with 40% of the face region occluded.
Only non-occluded vertices are used in the AAM construction.

S = S0+ Zpisi 2)
i=1

where the coefficientp; are the shape parameters. Since
we can perform a linear re-parameterization, wherever nec-

essary we assume that the shape ves{oase orthonormal. s; are then set to be the orthonormalized eigenvectors with

2.1.1 Computing the Base Meshs, the largest eigenvalues. As is common practkene re-
tain enough shape modes to explaiits of the observed

In traditional AAMs all of the mesh verticesare marked in Lo .
variation in the training set.

every training image. The base meshis then constructed
using theProcrustesalgorithm [L2]. In the presence of oc-
clusion the situation is complicated by the fact that not all of 2.2 Appearance

the mesh vertices are marked in every training image. TheAs a convenient abuse of terminology, dgtalso denote the
outline of theProcrustesalgorithm stays the same, however pixelsx = (z,y)? that lie inside the base mesh. The
only vertices visible in a given training image are used. appearanceof a AAM is then an imaged (x) defined over
the pixelsx € sy. AAMs allow linear appearance variation.
This means that the appearand¢éx) can be expressed as
a base appearanck)(x), plus a linear combination of.
appearance images (x):

1. Initialize the base mesd, to be the visible vertices of
the mesks of any one of the training images.

2. Repeat until the estimate sf converges:
(a) For each training image, align to the current

so with a similarity transform using the vertices m

common tos andsy. A(x) = Ao(x) + Z NiA;(x) Vxesy (3)
(b) Updates, as the mean of all of the aligned i=1

meshes.

where the coefficients; are the appearance parameters. As
In Step 2. only images are used where there is substantialn Section2.1, wherever necessary we assume that the im-
overlap between their visible and the current estimate of agesA; are orthonormal.
so. In our implementation, substantial overlap means over
50% of the vertices irs are insg. In Step 2b. only the  2.2.1 Computing the Appearance Variation4;

vertices that appear in at Igast one of thare updatgd. In traditional AAMs the appearance vectafs are com-

The mean for each vertex is computed across the images,ted by warping all of the input images onto the base mesh
in which itis visible. using the piecewise affine warps defined between the train-
ing shape vectas and the base mesf [5]. Principal Com-
ponents Analysis is then applied to the resulting images. In
the case of occlusion the shape normalized input images are
incomplete. If any of the vertices of a triangle are not visi-
ble in the training image, that triangle will be missing in the
training image. Again, we use Principal Components Anal-

2.1.2 Computing the Shape Variation:s;

In traditional AAMs the shape vectoss are computed by
first aligning every training shape vectsrwith the base
meshsg using a similarity transform5]. The mean shape
(i.e. the base mesiy) is subtracted from each shape vec-

tor.thPrlr:plpal(jCch]mponen:s Al\n?rl]ys@][ls tr;en pljerforme(lj ysis with missing datals, 16] to compute the appearance
'?hn e %;gne t's ape vecl_ms ':j ¢ et(;ass orocc uilor;o_n y IvectorsAi. The appearance vectafs are then set to be the
€ visible vertices are aligned to th€ base mesn. FriNcipaly i, 5normalized eigenvectors with the largest eigenvalues.

fCompgnen:E An?IyS|ZW|rt]h m|ssm? da_ﬂreﬁ[m]r:s then p?r— We again retain enough appearance modes to exiéin
ormed on the aligned shape Vect8Is Ihe Shape VECorS ot yhe ghserved variation in the training set.
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Figure 2:Comparison of the AAM model components base mesh, shape variation and appearance variation computed from unoccluded
and occluded data. (a) Average pixel distance between base nsgslilesShape energy overl&E. (c) Appearance energy overlagE.
For all three components a high degree of similarity is evident. At ar60fidocclusion, however, the performance drops off rapidly.
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Figure 3:Mean shape, and shape variations; — s overlaid Figure 4:Mean appearancA, and appearance variatiods —
on the base mesh. (a) Shape images computed from unoccluded\s. (a) Appearance images computed from unoccluded data. (b)
data. (b) Shape images computed from data &% occlusion. Appearance images computed from data i, occlusion.

The resulting shape modes are very similar.
) data, respectively. The energy overlap computes dot prod-
2.3 Experiments ucts between the shape vectors and is defineBIs=

In order to evaluate AAMs constructed with occlusion we - >-; />, ((s1)7s9)? for i, j = 0,...,n, wheren refers

start with fully labeled image sequences of five subjects in to the number of shape mod&E ranges in value frori to
which randomly selected regions are artificially occluded. 1. Figure2(b) plotsSE values for different occlusion sizes.
In total 900 training images were used. See Fidufi@r ex- Overall the energy overlap declines slowly. It stays above

amples. Results are reported for occluding regions ranging9s% for up to45% occlusion and then drops off rapidly.
in size from5 — 50% of the total face region. We compare

the base mesky, shape and appearance models for unoc-2.3.3 Appearance Variation

cluded and occluded training data. Figure 4 shows the mean appearandg and appearance

variationsA; — Az computed from unoccluded and oc-
2.3.1 Base Mesh cluded data. The resulting mean appearance images look
The base mesh for this dataset contains 68 vertices. Invery similar. Since it is hard to interpret the appearance
Figure 2(a) we compare the pixel distance between baseeigenvectors we again quantify the similarity of the appear-
meshes computed from unoccluded and occluded trainingance models with the appearance energy oveslBpwhich

data averaged over the 68 vertices. While the average pixels defined analogously t8E. Figure2(c) plots AE val-
distance increases with higher levels of occlusion, it staysues for different occlusion sizes. TheE values decline

below 0.5 pixels even for the maximal occlusions6f%. slightly faster than th&8E values, possibly due to the much
o higher dimensionality of the appearance images. However,
2.3.2 Shape Variation the appearance energy overlap still stays al9o¥e for up

Figure 3 shows the base mesfy and shape variations 10 45% occlusion.

s1 — sz computed from unoccluded and occluded data. .

The resulting shape models are very similar. In order 2.3.4 Face Tracking

to quantify the similarity of the shape modes we mea- Finally we validate that an AAM constructed with occlu-
sure the shape energy overl&¥ between shape varia- sion can still successfully be used to track a face. We use
tions s¥ ands? computed from unoccluded and occluded 120 training images containing self-occlusion (full left and



The Project-Out Inverse Compositional Algorithm

Pre-Computation:

(P1) Evaluate the gradient of the base appearandeg

(P2) Evaluate the Jacobian of the w: at(x;0)

(P3) Compute the steepest descent im&Jos.(x) (Eqn. 6))
(P4) Project out appearance fr@b;.(x) (Eqn. 6))

(P5) Compute the Hessian matiik,, (Eqn. @))

Iterate:

(11) Warp I with W (x; p) to computel (W (x; p))

(12) Compute the error imagg(x) = I(W(x;p)) — Ao(x)
(13) Computed " SDy,(x)E(x)

Figure 5: Example frames of a test sequence showing accurate(l4) ComputeAp = —Hy,' 3 SDy, (%) E(x)

tracking with an AAM constructed with occlusion. See the ac-
companying movidit.mpg for the full sequence of 457 frames.

right profile views) and occlusion by an object to build the
AAM. In the training set18% of the feature points are oc-

cluded. The AAM successfully tracks a face in an indepen-

dent test sequence. Figusshows example frames with the

(15) Update the warpV (x; p) «— W (x;p) o W(x; Ap)~!
Compute appearance parameters:
(Al) Compute); = ExesO Ai(x) - [I(W(x;p)) — Ao(x)]

Figure 6:The project-out inverse compositional algorithh]f

goal of AAM fitting is to minimize the expression in Equa-

fitted mesh overlaid on the input image. The accompanyingtion (4) simultaneously with respect to the shgpand ap-

movie' fitmpg  includes the full sequence of 457 frames.

3 Fitting AAMs With Occlusion

pearance\ parameters. The “project-out” inverse compo-
sitional algorithm and its extension to 2D AAMs was pro-
posed in L3]. See Figures for a summary. The algorithm
performs the non-linear optimization of Equatidrin two

We now describe how to track an occluded face in a video Steps (similar to Hager and Belhumet@]). The shape pa-

with an AAM, both efficiently and robustly. We first de-
scribe our previously proposed (non-robust) AAM fitting
algorithm [L3] and show how it can be modified to robustly
fit AAMs. The resulting algorithm is robust, but inefficient.
We then propose a different robust fitting algorithm which

can be implemented efficiently and empirically demonstrate

its ability track occluded faces, robustly and in real-time.

3.1 Background
Fitting a AAM is usually formulated I3] as minimizing

the sum of squares difference between the model instance

A(x) = Ao(x) + X", NiA;(x) and the input image
warped back onto the base mdgiW (x; p)):

D

XESo

Ag(x) + Z NAi(x) - I(W(x;p))| (4

where the sum is performed over all of the pixelin the
base meshk,. In this equation, the warfV is the piece-
wise affine warp from the base mesghto the current AAM
shapes defined by the vertices. Henc®Y is a function

of the shape parametegs For ease of notation, in this
paper we have omitted mention of the 2D similarity trans-
formation that is used to normalize the shape of an AAM.
In [13] we showed how to include this warp inW. The

IMovies are available 4ittp://www.ri.cmu.edu/project/projed48.html

rametersp are found through non-linear optimization in a
subspace in which the appearance variation can be ignored.
This is achieved by “projecting out” the appearance varia-
tion from thesteepest-descent images

oW
by computing:
SDpo(x) =SDic— Y | 3 Ai(x)SDic(x) | 4;(x). (6)
i=1 [xEsgp

Equation 6) requires the appearance imagésto be or-
thonormal. In each iteration of the algorithm, the input im-
age is warped with the current estimate of the warp to es-
timate (W (x; p)), the base appearance subtracted to give
the error imager(x) = I(W(x;p)) — Ao(x), and the in-
cremental parameter updates computed:

Ap = —Hy Y SDyo(x)[[(W(x;p)) — Ao(x)] (7)
XESo
using theGauss-Newton Hessian

Hpo = Y SDpo(x)"SDyo(x).

XESo

®)

The incremental warpV (x; Ap) is theninvertedandcom-
posedwith the current estimate to give the new estimate


http://www.ri.cmu.edu/projects/project_448.html

W (x;p) o W(x; Ap)~!. The appearance parametexs  Steps (P3)-(P5) in Figurécan therefore no longer be pre-
can then be computed as: computed and have to be moved inside the iteration. As are-
sult the robust project-out inverse compositional algorithm
Ai = Z Ai(x) - [I(W(x;p)) — Ao(x)] . (9) is very inefficient. SeeZ] for details. An approximation is
*€s0 to ignore the lack of orthogonality and just continue to use
If there aren shape parametersy appearance parame- the Euclidean project out steepest descent images. This ap-
ters, andN pixels in the base appearangk, the pre- proach is taken inl[0], where theH-Algorithm [7] is used
computation takes tim@(n? - N +m - N) where the slow-  to keep the Hessian constant to yield an efficient algorithm.
est step is the computation of the Hessian in Step P5 whichAs we will show in Sectior8.6this approximation leads to
alone takes tim&(n? - N). The online cost per iteration poor performance.
is just O(n - N + n3) and the post-computation cost is . L
O(m - N). In all cases we iterate the algorithm a sufficient 3-3 ~Project-out vs. Normalization
(fixed) number of times. A implementation of this algo- We now describe a slightly different algorithm to minimize
rithm in “C” runs at 230 frames per second on a dual 3GHz the expression in Equatiom)( the normalization inverse
Pentium 4 Xeon for typical values af m and N [13]. compositional algorithmZ]. As we will show, the ro-
. bust extension of the normalization algorithm can be im-
3.2 Robust Fitting plemented very efficiently. An alternative way of dealing
Occluded pixels in the input image can be viewed as “out- with the linear appearance variation in Equatidi i6 to
liers”. In order to deal with outliers in a least-squares op- project out the appearance imagésfrom thesingleerror
timization framework a robust error function can be used. imageFE,,,, rather than the large number of steepest descent

The goal forrobustlyfitting a AAM is then to minimize imagesSD;.. This normalization can be achieved by nor-
9 malizing the error image so that the component of the error
G A (oN ) ) image in the directiom; is zero. In particular, the normal-
%S: 0| [Ao(x)+ z; Aidi(x) = I(W(xp))| ;0 ization step consists of:
XESo 1=
(10) .
with respect to the shape and appearanc parameters Ai = = ZAZ'(X) E(x) fori=1,....m

whereo(t; o) is a symmetricobust error functior{11] and
o is a vector ofscale parametersFor ease of explanation
we treat the scale parameters as known constants and drop
them in the following. In comparison to the project-out al-
gorithm the expressions for the incremental parameter up-As indicated, in the process of normaliziag,,, in this way
date Ap (Equation7) and the Hessia{,,, (Equation8) the appearance parametagsare estimated. In comparison
have to be weighted by the error functief( E.,,(x)?), to the project-out algorithm in Figu@steps (P4) and (Al)
where: are removed and the normalization step of Equatidi) is
m added after the computation of the error imdg(ex) in step
Eapp(x) = Ao(x) + Z Nidi(x) —I(W(x;p)) (11) (I12). The equivalence of the project-out and normalization
i=1 algorithms is shown empirically in Secti@6.

m (15)
Bapp(x) — E(x)+ > _ X Ai(x).
=1

Equation 7) then becomes: 3.4 Robust Normalization Algorithm

Ap = —H,"' " 0/(Eapp(x)*)SDpo(X) Eapp(x) (12)  The goal of the normalization step in Equatidtsy is to
XEsg make the component of the error image in the directign
with: to be zero, whilst computing; at the same time. We now
need to formulate this problem using the robust error func-
H, = > 0/ (Bapp(x)%)SDpo(x)"SDpo(x).  (13)  tion. We wish to compute updates to the appearance param-
x€so etersAX = (A)q,...,A)\,)T that minimize:

The steepest descent image®,, also have to be re-
computed because the appearance images are no longer , 9 =
orthonormal. The appearance imagds must be re- >0 (Bapp(0)?) E“PP(X)JFZ:A)”A?‘(X) - (16)
orthonormalized with respect to the inner product: * =t

! 2 1 ifi=j
S0 (Fun) 409400 = { 111 7]
(1)

2

The least squares minimum of this expression is:

AX = —Hx" Y 0 (Bapp(x)? ) AT (%) Eapp (%) (17)



Efficient Robust Normalization Algorithm

Pre-Computation:

(P1) Evaluate the gradient of the base appearandeg

(P2) Evaluate the Jacobian of the w@éﬁ at(x;0)

(P3) Compute the steepest descent im&os. (x) (Eqn. 6))
(P4) Compute HessiaH,i for each triangle (Eqn2(1))

% Converged

(P5) Compute appearance Hesslkh for each triangle 20

lterate: b A ,

(11) Warp I with W (x; p) to computel (W (x; p)) Tt sgme

(12) Compute the error injagE?pp(x) (Eqn. A1) Figure 8: Average frequency of convergence for the project-out
(13) ComputeH 4 = >, o; - Hy and normalization algorithms for 10 appearance imagesThe
(14) ComputeAX and update\ and Eapp (x) (Eqn. A7) two algorithms perform identically, showing empirically that they
(15) Compute the HessiaH,, and invert it (Eqn. 22)) are equivalent. For more results ség [

(16) Computed " ¢ (Eapp(x)?) SDL(x) Eapp (%)
(17) ComputeAp = —H; ' 3" o' (Eapp(x)?) SDE (%) Eapp (x) The internal part of this expression does not depend on the

(18) Update the warpW (x; p) — W (x; p) o W(x; Ap)~* robust functione’ and so is constant across iterations. De-
Figure 7: The efficient robust normalization inverse composi- NOte: , .
tional image alignment algorithm. H, = Z SD..(x) SDj(x). (21)

xeT;
whereA(x) = (A1(x),..., A, (x)) andH 4 is the appear- o c . .
ance Hessian: The Hessiand, is the Hessian for the trianglE and can

be precomputed. Equatio8Q) then simplifies to:
Hpy = 0 (Bapp(x)?) A(x)TA(x).  (18)

K
_ H, =Y o, H,. (22)

The steepest descent parameter updates and the Hessian are P
computed as in Equation$2) and (L3). Note that we avoid
re-orthonormalization of the appearance imagesn ev- Although this Hessian does vary from iteration to iteration,
ery iteration as is required in the robust fitting algorithm of the cost of computing it is minimal. The same spatial coher-
Section3.2 ence approximation can be made for the appearance Hes-

sian of Equation 18). The efficient robust normalization
3.5 Efficient Robust Fitting inverse compositional algorithm is summarized in Figtire

Due to the computation of the appearance Hes&larand o .
the Hessiart{, in every iteration the robust normalization 3.6 Quantitative Comparison

algorithm is also inefficient. However, most of this compu- We first compare the performance of the various non-robust
tation can be moved outside of the iteration if we assume and robust fitting algorithms described earlier on synthetic
that the outliers are spatially coherent. To make use of thisdata. In these experiments, we restrict W to be a global

assumption we subdivide the base appearangénto tri- affine warp because it is far easier to generate the large
angles according to the triangulation of the base mgsh  number of synthetic test cases which we use. We are only
Suppose there a& trianglesT’, Ts, . . ., Tx With N; pix- interested in the relative performance of the algorithms and

elsin theit;; triangle. Equationi3) can then be rewritten: ~ the relative performance should be the same whatever the
B , 9 T _ choice of W. We empirically show in SectioB.6.1 the
Hy = Z Z ¢ (Bapp(x)”) SDic(x) SDie(x). (19) equivalence of the project-out and normalization inverse
i=1 xeT; . . .
] ] compositional algorithms. In Sectidh6.2we evaluate the

Basesi on the szpa_ltlal coherepce of the_ 0Ut|l&]$ dssume jitferent robust fitting algorithms. We show that the approx-
tr/‘at@ (Eapg(x) ) IS constant in each triangle; i.e. assume imation proposed in[0] performs far worse than the robust
¢ (Eapp(X)7) = ¢, say, for allx € T;. In practice this  5rmajization algorithm and that the spatial coherence ap-
assumption only holds approximately and gomust be  5rximation to the robust normalization algorithm does not

estimated fromp’(E,,,(x)?), for example by setting it to significantly reduce the performance.
be the mean value computed over the triandle [Equa-

tion (19) can then be rearranged to: 3.6.1 Project-out vs. Normalization
K We start with a 225x150 pixel face imadéx) and man-
H, = 292 Z SD! (x) SD. (x). (20) ually select a 100x100 pixel templag(x) in the cen-
01 el ter of the face. We then add the appearance variation



Table 1:Fitting speed comparison on a 3GHz Pentium 4 in mil-
liseconds. We measure the average fitting speed per frame of the
project-out (PO), robust normalization (RN) and efficient robust
normalization (ERN) algorithms over an image sequence of 457
frames. These results are for an AAM with 11 shape parameters,
20 appearance parameters, and 9981 color pixels.

% Converged

PO RN ERN
Matlab | 27 ms 1280 ms 129 ms
C 4.3 ms| 203.9 ms (est.) 20.5ms (est.)

Point Sigma

. . Figure 9:Average frequency of convergence for the robust fitting
m
2_i—1 Aidi(x) 101 (x). In the first experiment we randomly algorithms in the case df0% occlusion. The robust project-out

selectm = 10 sub-images of a large image of a natural (RPO) and the robust normalization (RN) algorithm again perform
scene. The images are orthonormalized and used as appeattentically. The efficient robust normalization algorithm (ERN)
ance imagesl;(x). The appearance parametagsare set  only performs slightly worse than the non-efficient variants. The
to 0.11. We then randomly generate affine wa¥ji$x; p) robust project-out algorithm with Hager-Belhumeur approxima-
in the following manner. We selected 3 canonical points tion (RPO-HB) performs far worse then any of the other algo-
in the template. We then randomly perturb these points rithms. For more results with different sizes of occlusion e |
with additive white Gaussian noise of a certain variance and - .
fit for the affine warp parametegs that these 3 perturbed 3.7 Efficiency Comparison
points define. We then ward{x) + >~ , \; 4;(x) with the We now evaluate the efficiency of the robust normalization
affine warpW (x; p) and run the different algorithms start- algorithm. Tablel compares the average fitting speed per
ing from the identity warp. Where appropriate, the appear- frame of the project-out algorithm (PO) with the robust nor-
ance parameters are initializedxoln Figure8 we showthe  malization (RN) and efficient robust normalization (ERN)
average frequency of convergence over 1000 randomly genalgorithms. We implemented all three algorithms in Mat-
erated inputs for the project-out and normalization inverse lab and measured the fitting speed over an image sequence
compositional algorithm. The two algorithms performiden- of 457 frames. The Matlab implementation of the efficient
tically for all point sigma values, showing empirically that robust normalization algorithm provides a 10-fold speed up
they are equivalent. over the non-efficient robust normalization algorithm. We
previously measured the fitting speed of an implementation
of the project-out algorithm in C at 230 frames per second
o . [13]. Due to the structure of the algorithms it is reasonable
3.6.2 Robust Fitting Algorithms to assume that we can achieve similar speed up rates be-
] ) ) tween Matlab and C implementations of the robust normal-
Using the same imagé(x) and templatel’(x) as in the  jzati0n and efficient robust normalization algorithms. Based

previous section we randomly occlude a sub-region(af on this estimate the efficient robust normalization algorithm
with another image (a sub-image of a natural scene) to,youI1d run at 48.8 frames per second.

evaluate the robust fitting algorithms. The occluding sub-
region occupies0% of the size of the templaté(x). We 3.8 Qualitative Evaluation
add one appearance imagg to I(x) with \; = 0.35.
Figure 9 plots the frequency of convergence for the dif-
ferent robust fitting algorithms, again averaged over 1000
randomly generated inputs. The robust project-out algo-

rithm (described in SectioB.2) and the robust normaliza- In the first Fi ieb
tion algorithm (introduced in SectioB.4) perform identi- n the Tirst sequence (Figurt(a), moviebox.mpg ) a
black box is moved in front of the face. In the second se-

cally, showing empirically their equivalence as was already ) :
demonstrated in the last section for the non-robust case d4€"¢€ (Figurd(b), moviehand.mpg ) the hand covers

The efficient robust normalization algorithm (described in tf;e ch|n1wh|lethe hea(: rtotates. F|n?rl]ly |fn the thtm: se;quence
Section3.5) trails the robust normalization algorithm only ]S |g;1rlet Oﬁl’ Imf?wer]?_la e.rgpbg k)t ? a(t:el rotates Irom"
slightly in performance, therefore justifying its use. Finally rontat fo Tufl Ielt protie and back 1o frontal again. n a
the robust project-out algorithm with Hager-Belhumeur ap- three cases the efficient rob_ust normalization algon_thm ac-
proximation (no re-orthonormalization of the appearance curately tracks the face while the (non-robust) project-out
images and use of thé-Algorithm [7] to keep the Hessian algorithm fails. The AAM used in all cases was trained on
constant) performs far worse than the other algorithms. images that do not appear in the test sequences. It is im-

Figure10shows example frames from tracking experiments
comparing the fitted meshes of the (non-robust) project-
out and the efficient robust normalization algorithm. The
three image sequences show different kinds of occlusion.
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