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Abstract responding PCA coefficients to reconstruct the image at
all views. This is equivalent to finding the point on the

In this paper we present a method for estimating the abso-multi-view depth and intensity manifold that most closely
lute pose of a rigid object based on intensity and depth view- approximates the observed image at some view. The recon-
based eigenspaces, built across multiple views of examplestructed 3D multi-view model is then used as a prior model
objects of the same class. Given an initial frame of an ob- for absolute-pose estimation. Rigid pose tracking is easiest
ject with unknown pose, we reconstruct a prior model for all when a 3-D shape and appearance model of the object is
views represented in the eigenspaces. For each new frameavailable.
we compute the pose-changes between every view of the Given the reconstructed prior model and a new frame
reconstructed prior model and the new frame. The result- showing the same subject, we estimate the new pose with a
ing pose-changes are then combined and used in a Kalmartwo step process. We first compute the relative pose be-
filter update. This approach for pose estimation is user- tween the new frame and each view in the prior model
independent and the prior model can be initialized automat- using an iterative view registration algorithin [13]. This
ically from any view point of the view-based eigenspaces.computation uses intensity information as well as depth
To track more robustly over time, we present an extension(if available), and amounts to estimating pose-change mea-
of this pose estimation technique where we integrate oursurements between the new frame and every view in the
prior model approach with an adaptive differential tracker. prior model. As a final step, the pose measurements are in-
We demonstrate the accuracy of our approach on face poseegrated using a Kalman filter to produce a final estimate for

tracking using stereo cameras. the absolute pos&TL4]. This tracking framework efficiently
computes the 6-DOF pose of the subject’s head, and could
1. Introduction be provided with 2D or stereo images as input, depending

on the view registration algorithm used to do the relative

Estimating the pose of a rigid object accurately and robustly pose computations.
for a wide range of motion is a classic problem in computer ~ As an extension of our approach, we integrated the re-
vision and has many useful applications. We are particu- constructed prior model in our existing Adaptive View-
larly interested in head pose tracking and its application in Based Appearance Model (AVAM) tracking framework
view-invariant face recognition, head gesture understand-[14]. This method creates a user-specific view-based model
ing, and conversational turn-taking cues. online during tracking. It can estimate the pose of an object

In this paper we propose a method for estimating the ab-accurately and with bounded drift, relative to the first frame.
solute pose of an object from a known class, using intensity By integrating the prior model in the AVAM framework, we
and depth view-based eigenspaces. Our approach consistget a robust tracker able to initialize automatically and track
of two steps: first we compute a prior model of the object object outside the pose space defined in our prior model.
given one initial frame and then this prior model is used  Section[ 2 reviews previous work and how it relates to
to compute the absolute pose of each new frame. Here wethis paper, and Sectidrj 3 describes how we construct the
focus our attention on human faces, although the methodsview-based eigenspaces. We then in Segtion 4 present the
are general enough to extend to many different classes ofalgorithm to create a prior model of the person of interest
rigid objects. We built our depth and intensity view-based given the initial image of an image sequence. Sedfijon 5
eigenspaces using Principal Component Analysis (PCA) for presents our technique for 6-DOF pose estimation using the
28 different viewpoints surrounding the face of 14 people. view registration and Kalman filter framework. Sectjon]5.1

When presented with an intensity or depth image of a describes the integrated framework with AVAM. Finally, in
subject in an unknown pose, the system first finds the view Section [, we show results for a head tracking task with
with minimal reconstruction error, and then uses the cor- depth and intensity input from a commercial stereo camera,



and compare the accuracy of our pose estimation techniquenulti-view model close to the observed object. We do not
with that of another technique[8]. use the correlation scores or reconstruction error from each
view to infer pose; instead we compute the pose-changes
between every view of the reconstructed prior model and
the new frame. The resulting pose-changes are then com-

Pose estimation is possible from a single 2-D view—e.g, Pined and used in a Kalman filter update. .
using color and coarse template matching[2, 16], pattern The Adaptive View-based Appearence Model described

classifiers[[15], or using graph matching techniquies [11]— i_n [14] is. a reI.ative-pose tracker Which'combines_diﬁe'ren—
but techniques which can exploit a 3-D model are generally tial tracking with keyframe-bgsed tra}cklng. Adaptlve view-
more accurate. 3-D representations model the appearancB2sed models can be acquired online during the tracking.
of objects more closely, and thus can lock on to a subject 1 N€ uncertainty in the pose of a keyframe shrinks overtime
more tightly. Textured geometric 3D models [10, 1] have as the keyframe is revisited. Hence, the uncertainty in the

been used for tracking; because the prior 3D shape model£0S€ estimate of newlframe registered against a keyframe is
for these systems do not adapt to the user, they tend to hav@ounded. The resulting tracker has bounded drift and can
limited tracking range. be used to track heads undergoing large motion for a long

Deformable 3D models fix this problem by adapting the time. By crgating the adaptiV(_e appearance moqel online,
shape of the model to the subject [9] 2[4, 6]. These ap_the track_er gives apcurate relative pose but doesn’t have any
proaches maintain the 3D structure of the subjectin a statemeChan'Sm to estimate absolute pose [14].

vector which is updated as images are observed. These up; . .
dates require that correspondences between features in the- 3D View-based Elgenspaces

model and features in the image be known. Reliably COM-\ve wish to learn a multi-view depth and intensity model

puting these correspondences is difficult, and the COmplex'which is user-independent and can be used to initialize pose

I:?() ?f the updatek_grom;]s que:jdratically Wi;[h th% nulénbe(; 3f tracking . We also want a view-based model that can recon-
eatures, making the updates expensive [9]. Brand de-gy o 5 mylti-view manifold of the object given only one

veloped a 3'!3 morphable mod_el W,h'Ch is able to t.rack fea- view. Ideally, we could recreate the depth manifold given
tures erlle smultaneously e;tlmatlng the underlying shapeOnly an intensity image as input.
mo_del [.“" - In gene_ral, existing appr_oache_s to 3_'D model 15 achieve these goals, we define our view-based
est!matlon for tracking presume a smgle-wewpomt model eigenspaces mod@l as:
of image appearance, which will not be valid for non-
lambertian objects. P={I,V,Z,Vz}

A view-based approach to 3-D modeling and tracking
has several advantages over mesh or volumetric shape modvherel andZ are the mean intensity and depth for all the
els. The relative pose of constituent range observations carviews; V; andV; are the intensity and depth eigenspaces
be adjusted dynamically during model formation. It can of our model. To navigate in our model, we define windows
easily represent varying levels of detail on an object, and it P; in the eigenvector matrices for each viéaf our model:
directly captures non-lambertian appearance on the surface B B
of an object[[14]. Pi ={1;,V1,, Zi,Vz,,€i}

Below, we describe a pose estimation algorithm using herel. and 7 h . . d deoth i
view-based eigenspaces with depth and intensity compo-" erel; andz; are the mean intensity and depth images

nents. View-based models for object recognition using for this view,e; is the pose of that view aridy, andVz, are

eigenspaces were described [inl[17], which constructed aW'ndOWS in the eigenspace matrices. Note tatandVz,

separate PCA model for sets of images at given views. [5] are not elgenspaces since we defined our elgeps_:paces
developed a multi-view active appearance model that de-andVz over all the wews.xln Olfr case, pcises of r'g'zd body
scribed shape and texture variation across views; object ap2'€ rgpresgnted as= [T .T.J = ar o . & ],
pearance was matched using the closest view and pose in2 6 dimensional vegtor consisting of the translation and the
ferred with a linear projection of model coefficients. Instantaneous rotation.

Recently the reconstruction distance to a set of . -
eigenspaces at different views was used to interpolate heaéla'l' Eigenspaces Acquisition
pose; the relationship between a set of approximate correla\We want to generate a user-independent view-based model
tion scores and object pose can be learned from training exthat can render every view of the object given a correct
amples[[18]. Our approach differs from this work in that we match with one of the views. The view-based eigenspaces
learn a joint eigenspace across views, intensity, and depthHP can be learned from multiple adaptive view-based appear-
images, and that we use the model only to reconstruct aance model§ M!, M2, ..., M™}. Following the definition

2. Previous Work



stated in[[14], an adaptive view-based appearance model is
defined as

M = {{1;, Z;,e;}, A} 10°

where{I;, Z;} are the intensity and depth images at each
view i, ¢; is the pose of each key frame modelled with a
Gaussian distribution, andl is the covariance matrix over
all random variables;.

For each mode/M?, we concatenate the intensity and -10°
depth images of all views in two vectofs and Z7:

Bo=[H g 1]
zo= |zl 7z - 7 | 20°

-30° -20° -10° 0" 10° 20° 30°

whereIf and Zf are segmented intensity and depth im-

ages from the appearance model at posez;, andm is 10
the number of views. All the segmented images have the
same size and are stored in one-dimensional vectors. We (Q°
can compute the average vectors:

I=1Yr. 0 Z=lY0 0 @ 100

and then stack all the normalized intensity and depth vectors
into two matrices:

h

Figure 1:Top: 28 views of the average intensity manifold. Bot-
T = [ ([1 — D ([2 — D . ]T tom: 28 views of the average depth manifold (white means closer).
z = [(z-2) (-0 "

Since we want to be able to reconstruct the intensity and
depth images from only one intensity image, we must use
the same set of weights for the intensity and the depth eigen-
vectors. To achieve that, we apply SVD decomposition on

7 = Uz D7zVE and compute the corresponding depth eigen-

vectors by applying the same weights:

v;’ = D;lUflz Figure 2: The first three intensity eigenvectors (rows) partially

This approach allows us to create a prior model with both displayed for the 7 horizontal views (colomns).

intensity and depth even when no stereo information is ; ;
available. Although the resulting depth basis vector¥ gf 4. Prior Model Reconstruction

are not optimal, there is a strong correlation between the in-rhe hymose of prior model reconstruction is to generate a
tensity and depth images that provides justification for this et of views for use in the pose estimation module. Given a

appr'oach. i single example frame near one of the views in our m@el
Figure [1 shows the mean face of our view-based \ya'\yant to reconstruct all the other available views of our

eigenspaces built using adaptive view-based models of 14n4qe|. |n our case, given one image, we can recreate the 27
people. Each adaptive model contains 28 views of one per-giher views including the depth images.

son: 7 views glong the X axis by 4 views anng the Y axis. The new unsegmented franié, Z, } is preprocessed to
All adjacent views are separated by’ 1@y looking closely 4 o region of interest for the object. This can be done

at th_e depth images, we can see that the_chm is closer Wher&sing motion detection, background subtraction, flesh color
looking at 20 up. When looking on the side, we can see a

i : detection or a simple face detector|[19].
small bump representing the nose. Such subtle details can N .
For each viewi of our model and for each subregion

be important during tracking. . . S
; X . T ._{1{, Zi} of the same size as the viewsinside the re-
Figure[2 shows the first three intensity eigenvectors dis gion of interest, we find the vecta, that minimizes

played for the 7 horizontal views. We can see in the second
eigenvector the variations for the nose and the eye shadow.

P ! — _. . .
The third eigenvector presents some lip variation. Ei = |I; = Ii =i - V1,

% @)




The minimization is straightforward using linear least
squares.
From the eigenvector weighis;, we first reconstruct the

intensity and depth images Jwnd e gl oo d A
-~ 4 ¥ 3 d . -8

In = I+ @ Vi 3 — :
f ! 3) longr A Y NP T T W
- w % % ’ - -

The reprojection step is done for every view After
the reconstruction of all intensity and depth imaggsand
Zr,, we search for the best projection minimizing the cor-
relation function:

(I~ 1) (In, — Tn)

(Zi = 2;) - (Zr, — Zr,)

A 2 -

where ) is constant to compensate for the difference be-

tween intensity measurements(brightness levels) and the

depth measurements(mm). If the depth image is not avail-Figure 3:Model reconstruction from a frontal view (top half) and

able then\ is set to 0. a rotated view (bottom half). Both reconstructions (bottom rows)
From the correlation function, we get a correlation score are compared with ground truth (top rows).

¢; for each view and each subregidfy, Z/}. The lowest

correlationc? over all views and all subregions corresponds

to the best match. Using the weighi® of the best match, . I . . .

we again reconstruct the intensity and depth images of thed'ven one initial frame and then this prior model is used
Lo . . with each new frame to compute the absolute pose.

object in all the views using ed.](3) ard (4). The output

of the matching algorithm is the set of reconstructed frames. Durlng thg |n|t|aI|zat.|0n stage, egch new framig, Z; }
(17,7}, the pose * of the best view-based eigenspace and is projected into the view-based eigenspace model as de-
o e . scribed in sectiop]4. If the best correlation scafrés larger

the associated correlation scafe We can define a prior : .
view-based appearance model than a threshol@, the prlgr mpdel |§ creat'ed.
When depth information is available in the new frame,
Mp ={{Ip,, Zp,ep,}, Ap} we can register the frames using a hybrid error function
which combines robustness of the ICP (Iterative Closest
where the images and poses are copied directly from re-Point) algorithm and the precision of the normal flow con-
constructed frames and associated poses, and the covariang&raint (NFC) [18]. When only 2D images are available
matrix A p is initialized as the identity matrix times a small an iterative approach like 6] may be used to give an ap-
constant. propriate set of pose-change measurement. We model a
Figure [3 shows reconstructions for 2 different peo- pose-change measuremeijtas having come from; =
ple. Each reconstruction was done using view-basede: — s + w Wheree; is the pose estimate associated with
eigenspaces that exclude the person reconstructed. The tofie views of our prior model and is Gaussian.
half shows a reconstruction where the example image is ori- To estimate the posg of the new frame based on the
ented near the view*Garound X axis and Oaround the Y pose-change measurements, we use the Kalman filter for-
axis. The reconstructed views displayed in the figure are themulation described iri [14] where the state vectbis pop-
horizontal view. The second reconstruction uses an exam-ulated with the pose variableg;,cp,,ep,,...} and the
ple image at 20around X axis and Z0around the Y axis.  observation vectof) is populated with the pose-change

The reconstructed views are at 21&round the Y axis. measurement§d}, , 0%, , . ..}. The covariance between the
components oft’ is denoted b ».
5. 6-DOF Absolute Pose Estimation The Kalman filter update computes a prior for

p(X;|V1.+—1) by propagating(X; 1| Y1 ;1) one step for-
In this section we present our technique to estimate theward using a dynamic model. Each pose-change measure-
absolute pose of a rigid object using 3D view-based menty’ € ) between the current frame and a base frame of
eigenspaces as a prior model. Figure 4 presents an overviewt is modelled as having come from:
of our pose estimation algorithm. Our approach is separated
in two steps: first we compute a prior model of the subject yt = CX+w,
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Figure 4: Overview of the prior model and its usage. Secﬂ)n 3

describes how the view-based eigenspaces are created, $éctionigyre 5: Comparison of the pose estimation results of the best

describes the model creation step that is done_ once at the_beg'n“'“geconstruction (4 eigenvectors) with the InertiaClaed with our

of each sequence, and secfign 5 describes view registration. reimplementation of the OSU pose estimator. The ground truth
estimates from the Inertial Cubare shown with 3 error bars.

C:[]()... _[...0], _ .
Since the AVAM framework also uses a Kalman filter to

wherew is Gaussian. Each pose-change measuremient update the poses, we can extend the Kalman filter state vec-

is used to update all poses using the Kalman Filter statetor to include the key frame pose variables and the previous

update: frame pose variable:

1 ~1 Tl X=[¢e €-1 M €My --- Ep, Ep .]T

[AXt] = [A-Xt—l] + C A;t C (5) ! : ! :

1 : _— By integrating the prior model in the AVAM framework,
X = Ax, ([AXH] X +C A, ys) (6)  we get a robust tracker able to initialize automatically and

estimate absolute pose of the object.
We define our observations variabfésas a pose-change )
measurement between the new frame and a base fratein 6, Experlments

. . We designed our experiments to demonstrate the accuracy
5.1. Integration with AVAM of our approach on estimating the relative and absolute pose
In this section we present an extension of the 6-DOF ab- of a user’s head in 3D. All the experiments were done using
solute pose estimator where we integrate the reconstructea Videre Design stereo camera [7].

prior model inside an Adaptive View-based Appearance We constructed the view-based eigenspaces using 14
Model (AVAM) tracking framwork. In the AVAM frame-  view-based appearance models acquired with the original
work, user-specific keyframes are added in the model dur-tracker described i [14]. Each participant was aligned fac-
ing the tracking. One of the main advantages of the AVAM ing the camera, and then asked to rotate his head along the
framework is that pose estimation of the new frafiig Z; } X and Y axes. We configured the tracker to tesselate the
and pose adjustments of the view-based madeare per- rotation space at 10 degree intervals. In this fashion, a set
formed simultaneously. The original AVAM described in of 28 intensity and depth image pairs was created for each
[14] is a relative-pose tracker which combines differen- participant. We then manually cropped the faces to 32x32
tial tracking with keyframe-based tracking. By integrat- pixels, while keeping alignment across participants. Figure
ing the prior model with the AVAM framework, we obtain [I] shows the average face in all 28 orientations, and Figure
an absolute-pose tracker with accurate pose estimates arff] shows 3 of the 13 eigenvectors that we use to create prior
bounded-drift. models.



To analyze our algorithm quantitatively, we compared T g g ;
the pose estimates of our system with those of an InterSense 5 5 5 :
InertiaCubé sensor|[[8]. The InertiaCuBas an inertial 3-
DOF orientation tracking system, which we mounted on the
inside of a construction hat that was worn by a test subject
during tracking. The sensor works by measuring the direc-
tion of gravity and the Earth’'s magnetic field, and is driftless
along the X and Z axes. However, the Y axis (pointing up)
can suffer from errors due to drifting. InterSense reports a
dynamic accuracy of RMS. .

Magnitude of RMS error for all 3 rotations (degrees)

6.1. 6-DOF Absolute Pose Detection

TO analyze the accuracy Of our Vlew_based e|genspacé:|gure 6 Variation of the RMS error of pose estimation on se-
model for pose estimation, we recorded 2 sequences withduence 1 as we change the number of eigenvectors used to create
ground truth poses using an InertiaCiilsensor. Sequence e Prior model.

1 contains 245 frames and sequence 2 contains 155 frames.

Because the purpose of the experiment was to evaluate the

accuracy of the pose estimation algorithms, poses in both Our prior model X Y Z
sequences are constrained to the rotation space of the prior Sequence 1 1.62 | 255 | 1.67
model. The pose estimation algorithm described in section Sequence 2 1.04 | 3.9 | 1.4%
[5.1 is applied independently for each frame. OoSuU X Y 7
For comparison, we also reimplemented a 2-dimensional Sequence 1 230 | 4.46°
version of the OSU system [18]. Our implementation of Sequence 2 178 | 3.00°

the OSU estimator used 7 different eigenspaces in the hori-
zontal direction, at poses between -30 and 30 degrees withTable 1: RMS error in degrees for pose estimation comparing
equal spacing, and 4 different eigenspaces in the vertical di-our prior model pose estimation (top) and the OSU pose estima-
rection, between -20 and 10 degrees. This is the same rangtion(bottom). The OSU pose estimator doesn't return any estimate
spanned by the eigenspaces we used in the other part of th&r the rotation around the Z axis.
paper. However, using this method pose estimation is done
independently for the two degrees of freedom.

In the OSU pose estimation framework, the first step is the direction of the second best coarse pose estimate, and is
to find the face in the image. This is accomplished by com- capped at 5.0 degrees.

puting correlation scores with the mean face for each of the Figure[$ shows the pose variations recorded from the
orientations in the model for every possible location in a ground truth sensor compared with the OSU pose estima-
large region of interest around the face. We then normalizetor and our prior model pose estimator. Figlure 6 shows the
the detected face to have zero mean and unit variance, anghagnitude of the RMS error for the 3 rotations when vary-
project it onto each eigenspace. The eigenspace that cafhg the number of eigenvectors used for the reconstruction
represent the largest fraction of the energy of the input faceof the prior model. We found that, in our case, 4 eigen-

determines a first coarse estimate of the pose. Finally, anvectors was a good trade-off between model expressiveness
incremental estimate of the pose is computed. The incre-and model over-fitting.

mental estimates for the horizontal and vertical directions Table[] presents a comparison of the RMS error for the

are given by pose estimation using our prior model and the OSU pose
Fh.o3 — 0.989 estimator. The InertiaCuBés not drift-free around the Y
Af, = 22 77 (7) . . .
h 0.073 axis. The average RMS error of the prior model pose esti-
.23 — 0.945 mator for all 3 axis is 3.88which is close to the accuracy
Af, = W’ ®) of the InertiaCube sensor{B8 The OSU pose estimator

) doesn’t model rotations around the Z axis hence gives no
wherer, 23 andr, 23 are the ratios of the energy captured estimates. If we fix the OSU Z-axis output to 0, the RMS
by the second and third best candidates for the coarse posgror around the Z axis is approximately 3fr both se-
tively. The numerical constants were computed using linearhandie rotation around the Z axis even though the training

least squares from a training sequence tagged with groundyata for our prior model did not include frames with rotation
truth. The incremental estimate is always taken to be in 53r0und the Z axis.



6.2. Integrated AVAM & Prior Model Technique X Y Z Total
One of the main advantages of the user-independent view g:?or 150'18§ iégg 13447;? ﬁgg
based eigenspace model when inserted in our Kalman fil-— . i i :

ter update is that we can estimate absolute poses. This is D!ﬁ+AQapt 6.48 | 8.15 2.23 | 10.65
a considerable advantage compared to tracking techniques D!ff+Pr|or i 2.64 | 539 | 243 | 648
are initialized manually with ad-hoc techniques. Diff+Adapt+Prior | 2.46 | 500 | 2.46 | 6.09

To demonstrate the performance of the pose estimator,
we recorded a sequence of approximately 2 mins at 7Hz for

a total of 800 frames. The user moved freely from left to \yide range of pose change. We learned a multi-view, depth
right, front to back, rotated his head left and right, top to and intensity eigenspace model which provides a set of prior
bottom, and also tilted his head. The purpose of this se-yeyframes for pose estimation and tracking customized to a
quence is to show how our integrated technique can give amey yser. A Kalman filter framework combines pose es-

accurate estimate of the absolute pose in an unconstrainegmates using both prior and adaptive keyframes according
environment. In the video sequence, which can be foundi estimates of uncertainty for each. The use of our pose
at http://www.ai.mit.edu/projects/watson/, we represent the astimation technique greatly reduces the absolute error in
estimate of the absolute pose by a cube around the heagijew-hased tracking, which was previously limited by the

of the user. The thickness of the cube is inversely propor- coarse pose estimate of generic face detectors used for ini-
tional to the variance of the absolute pose estimate. Theyjz|ization. We demonstrate the accuracy of our integrated

frames used to compute the estimate. This video shows the

results of our approach which integrates differential track-
ing, adaptive view-based appearance model and view-baselReferences
eigenspace prior model.
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