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Abstract

This paper presents a new algorithmfor object pose and
shape estimation from multiple views. Using a qualitative
shaperecovery schemewefirst segment theimageinto parts
which belong to a vocabulary of primitives. Based on the
additional constraints provided by the qualitative shapes
we extend our physics-based framework to allow object
pose and shape estimation from stereo images where the
two cameras have arbitrary relative orientations. We then
generalize our algorithm to integrate measurements from
multipleviews. To recover more complex objectswe gener-
alize the definition for the global bending deformation. We
also present an algorithm for model discretization which
evenly tessellates the model surface. We demonstrate the
usefulness of our technique in experiments involving real
images from of a variety of object shapes which may be
partially occluded.

1 Introduction

The performance of most physics-based shape estima-
tion techniques depends on the accuracy of the initial seg-
mentation and theinitial placement of the model given the
segmented data[9, 6, 7]. In order to addressthe abovelim-
itations, a new approach to shape recovery from 2D images
which integrates qualitative shape recovery [3] and quan-
titative physics-based estimation techniques [5] has been
recently proposed [4]. Through qualitative shape recov-
ery we can extract the qualitative shapes of objects that
are composed of primitiveswhich belong to a fixed vocab-
ulary of shapes based on aspect matching. Furthermore,
the qualitative shape recovery handles occlusion through a
hierarchical aspect representation. We then use the quali-
tative correspondence of edge segments in the images and
related contours on themodel sto providestrong fitting con-
straintsto our physics-based estimation technique[5]. The
“tokens’ for matching features in the images are groups
of edge segments (curved or straight) corresponding to an
aspect of a part (as opposed to points or lines). Since
the qualitative and quantitative shape recovery processes

are both model-based, the approach is robust to noise and
occlusion.

In this paper, extending the paradigm introduced in [4],
we present anew algorithm for shape estimation from mul-
tiple views, including stereo as the simpler case. This esti-
mation process can handle more complex scenarios where
significantly different or incomplete (but consistent) sets
of edge segments from the same object are extracted from
multipleimages taken from cameras with arbitrary relative
orientations. Moreover, to be able to model and recover a
larger variety of complex objects we propose a new defini-
tion for the global bending deformation, the parameters of
which can be decoupled during recovery. We also present
a new efficient algorithm which approximately tessellates
the model surface uniformly in the 3D Euclidean space,
allowing a more robust recovery as the model deforms to
fit the data.

2 Dynamic deformable models

In this section, we review and extend the deformable
models definition developed in [5].

2.1 Moded kinematics

The positions of points on the model relative to a
world coordinate frame of reference @ are x(u,t) =
(z(u,t),y(u,t), 2(u, 1)), where T denotes transposition
and u are the model’s material coordinates. We express
the position of a point as x = ¢ + Rp, where c(t) isthe
origin of model reference frame ¢ located at the center of
the model, R(t) is the rotation matrix that gives the ori-
entation of ¢ relative to @ and p(u, t) gives the positions
of points on the model relative to ¢. We further write
p = s + d, as the sum of a reference shape s(u,¢) and
a displacement d(u,t). We express the reference shape
ass = T(e(U; aog, a1, ...); bo, b1,...), where T defines a
global deformation (depending on the parameters b,(t)),
which transforms a geometric primitive e defined para-
metrically in u and parameterized by the variables a;(¢).



We concatenate the global deformation parameters into the
vector q;, = (ao, ag, ..., bo, b1, .. .)T.

To illustrate our approach in this paper, we use a de-
formable superquadric elipsoid [8] with global bending
deformation as a reference shape. In the following sec-
tion we define a bending deformation that ensures constant
curvature along the major axis of bending.

2.2 Constant curvature bending

We define the bending transformation s = T (e; bo)
about the y-axis of aprimitivee as
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where by is the radius of curvature, and e,, an arbitrary
offset of the center of bending along the z-axis.

We generalize this deformation to deal with bending
about an arbitrary axis in the zy-plane by introducing the
following additional transformation

S = Jb_l(Tb(Jb 'e)), (2)

where T, isdefined above and matrix J, isdefined as

cos(by) —sin(by) O
Jy = | sin(by) cos(by) O (3)
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Here, b1 is the angle between the y-axis and the axis about
which bending takes place. The introduction of J; allows
us to decouple the recovery of the rotation and bending
parameters during model fitting. We can also define a
piecewise bending deformation which we will demonstrate
in the experiment section.

2.3 Repositioning the model frame ¢

We move the model reference frame from its center to
a different point on the model surface depending on which
qualitative shape wewant to recover as described in section
5.1. For acylindrical primitive, for example, we place the
model reference frame at the center of the circular end.
For arectangular primitive, we place it at one of its corner
instead. These choices are made so that the recovery of the
rotation and deformation parameters can be decoupled.

2.4 Dynamicsand generalized forces

The velocity of points on the model is given by,

k= Lit ()

where L is the Jacobian matrix [5] and q =
(al,ql',q,q%)" are the generalized coordinates of the
model. Here q. = ¢, qq is the model’s rotational de-
grees of freedom (expressed as a quaternion), q; and qq
! represent the global and local deformations respectively.
>From Lagrangian mechanics, after appropriate simplifi-
cationsjustified for static shape reconstruction [5], the dy-
namic equations of motion of our model take the form

Dq+Kq=1, f, :/Ldeu, (5)

where D is the damping matrix, K is the stiffness matrix,
and f, are generalized external forces computed from the
force distributionf (u) derived from the visual data. These
forces are applied to the model through our physics-based
approach to visual estimation [5].

3 Jacobian computation for generalized per-
spective projection

To allow shape and pose estimation inaworld coordinate
frame from images taken from a camera with a different
frame of reference, the Jacobian matrix L used in (5) needs
to be modified appropriately.

Letx = (z,y, 2)? denote the location of apoint j w.r.t
the world coordinate frame. Then we can write

X =c.+ chca (6)

where c¢. and R.. are respectively the tranglation and rota-
tion of the camera frame w.r.t. theworld coordinate frame,
and x. = (z., Y., z.)? isthe position of the point j w.r.t to
the camera coordinate frame.

Under perspective projection, the point x. projectsinto
animage pointx, = (z,,,)” according to

Te Ye
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where f is the focal length of the camera. By taking the
time derivative of (7) we get x, = Hx. where

_ f/zc 0 —l‘c/ng
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Based on (4), (6) and (8), we obtain
x, = H(R; %) = HR7Y(Lq) = L,a.  (9)

By replacing the Jacobian matrix L in (5) by L, =
HR_ 'L, two dimensional image forces f can be appro-
priately converted into generalized forces f, measured in
the world coordinate frame.

1with d = Sqq where S isthe shape matrix.



Figure 1: Illustration of the resampling scheme in the v-
coordinate of the surface mesh

4 Moded discretization

To ensure that the forces are evenly applied to the 3D
model surface during model fitting, we need to have a
uniform discretization of the model surface in the 3D Eu-
clidean space. Here we present a technique to discretize
a superquadric surface dynamically that maintains approx-
imate uniform tessellation. We focus on the counteract-
ing effect of the squareness parameters ¢; and ¢, which
causes the nonuniform tessellation of the model surface
when their values approach zero. Although the materia
coordinatesu = (u, v) of the superquadric surface are de-
finedfor -5 < u < 5 and 0 < v < 2, it suffices due to
symmetry to illustrate our method for the uniform tessella-
tion of thefirst quadrant of the zy plane, with corresponding
material coordinate v € [0, 3].

The points generated by uniform sampling in the mate-
rial coordinate space are quite uniformly distributed on
the model surface when ¢, = 1. By projecting these
model points along the # and y axes onto a model sur-
face where ¢, << 1, their positions remain relatively
“spread out” for 0 < v < vee ad vy < v < 5, T
spectively. The values of v., and v., are obtained by
projecting along the axes the point on the model surface
in the zy plane where the normal vector to the surface is
at 45° from each axis. Mathematicaly, these are given
by v., = sin~(sinv,), Vey = cos™1(cos?v,.) where
ve = tan~1[(22)%2]. These areillustratedin Fig. 1.

Based on the above, instead of uniformly sampling v
in its entire range [0, %w], we sample v uniformly in each
of the above two intervals and we transform the chosen
values of v so that the = or y values of the superquadrics
withe; = 1and e; << 1are equal. If vy isthe materia
coordinate chosen, the transformed value is given by:

a1
p { sin~Y(sin" (vy)),
v =

cos™(cos® (vr,)),

0 < vp < vep . (10

vcy<vk<%

where these formulas result in approximately uniform tes-
sellation in the first quadrant of the zy plane. Fig. 2 illus-
trates the improved tessellation algorithm.
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Figure 2: Retessellation of a cylinder (a) before (b) after;
and a block (c) before (d) after.

5 Shapeand pose estimation
5.1 Qualitative shape matching

In [3] a qualitative approach to the representation, re-
covery, and recognition of 3D objects from a single 2D
image was presented. Using the qualitative shape recovery
process as afront end, wefirst segment theimage into parts
[2] using an aspect matching paradigm. Each recovered
qualitative part defines: (i) the relevant non-occluded con-
tour data belonging to the part, (ii) a mapping between the
image faces in their projected aspects and the 3D surfaces
on the quantitative models, and (iii) a qualitative orien-
tation (that the aspect encodes) which is exploited during
model fitting (see [4] for details.). The mapping of certain
edge segments corresponding to the occluding contour on
the model surfacesin (ii) needs to be updated continuously
during thefitting process [4].

For stereo reconstruction, the qualitative shape recovery
process is independently applied to the left and right im-
ages. The correspondence problem then consists of match-
ing qualitative primitive descriptionsin the two images. A
pair of primitivesin two different images are considered a
match if: (i) the primitives have the same label, (ii) their
aspects have the same label, and (iii) for each pair of cor-
responding faces in their aspects, there exists an epipolar
line (not restricted only to parallel geometry) such that both
faces intersect this line. For reconstruction from multiple
views, the process is similar except that correspondences
have to be established for each pair of images.

5.2 Quantitative multi-view integration

Based on the above qualitative shape recovery, corre-
spondences are established between edge segments in the
imagesand the corresponding subsetsof nodesonthemodel
surface. If ¢; ; is the jth edge point in the ¢th image (¢ =
L or R for stereo case), and M; ; is the subset of model
nodes in correspondence with the edge segment that ¢; ;
belongsto, then the 2D force exerted by that edge point on
the projected model (based on a shortest distance criterion)



Figure 3: Two models fitted to the image of alock.

isgiven by

fj,z’ = ﬁ minkeMj)l (PZ(R;l(Xk — Cc,)) — ejyi) (11)

where x;, isthe position of £th model node, 3 controlsthe
magnitude of the force and P; isthe perspective projection
operator w.r.t. the ithimage.

The generalized force exerted on the model can be com-
puted by replacing the integral in (5) by thefollowing sum-
mation:

f, = Z LD fiat.+ Z LD fin, (12)
J J

where m; ; is the model node at which forces are exerted
by the e; ; and L,,, , is the Jacobian matrix evaluated at
m; ;. 2 This net force will appropriately deform, position
and orient our model so asto recover the shape and pose of
the underlying object.

This new algorithm is significantly ssmpler and more
general than the stereo agorithm previously proposed in
[4] for the case of parallel cameras which made use of
two models instead of one. By virtue of generalization
in section 3, we can now integrate possibly incomplete
measurements from more than 2 cameras which are not
necessary parallel.

6 Experiments

We show theresultsof our techniquein a series of exper-
iments on model recovery from single and stereo images as
well as from multiple views.

The experiment shown in Fig. 3 demonstrates the use of
our framework to estimate object shapes under perspective

2|n case of occlusion, resulting in both occluded aspects and occluded
faces, only data points belonging to the unoccluded portions (boundary
groups) of the faces exert external forces on the models (as demonstrated
in section 6.).
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Figure 4: Fitting deformable part models to stereo images
of a funnel (the wire frame models are the corresponding
projections of the 3D model).

projection from a singleimage of alock. Using qualitative
shape recovery process OPTICA [3, 4] abox like primitive
andabent cylinder primitivearerecovered. Figs. 3(a-d) and
(e-h) show the quantitativefitting stages of the 2 modelsto
thelower and upper partsof thelock, respectively. Notethat
theemployment of the new tessellation method isespecially
important here, since bending deformation is used in the
recovery process.

In the second experiment, images of afunnel were taken
from 2 views (stereo), where therel ative displacements and
orientations of the 2 cameras were known. The qualitative
shape recovery process performed in both images decom-
posed the funnel into a tapered cylinder and short cylinder
(note that one of the edge segments is missing because of
low contrast in the left image). Fig. 4(a-h) show the in-
termediate stages of the fitting process. Each 3D model is
fitted simultaneously to both images.

In the last experiment, images of a scene with 3 ob-
jects were taken from 3 different viewpoints (see Fig. 5a).
3 object parts were recovered with the qualitative shape
recovery process as shown in Fig. 5b. Some edge seg-
ments were missing because of occlusion, poor contrast in
the original images or because they were not used to de-
ducethe corresponding shape primitives. Fig. 5¢c showsthe
projections of the fitted models overlaid on the respective
images. Finally, Fig. 6 shows the shape and pose of the
recovered 3D models. This experiment demonstrates how
information from incomplete and partially occluded image
data from multiple views can be integrated in our model-
based approach. This experiment demonstrates how infor-
mation from incomplete and partially occluded image data
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Figure 5: (a) original images of a scene with 3 objects from 3 different viewpoints, (b) edge segments extracted, (c)

projection of fitted 3D model overlaid on the original images.

Figure 6: Recovered 3D shape and pose of objects in a
scene from 3 different views.

from multiple views can be integrated in our model-based
approach.

7 Conclusion

Thispaper presented anew algorithm for object poseand
shape estimation from multipleviewsincluding the simpler
case of stereo. Our model-based approach assumed the
existence of objects that can be decomposed into parts be-
longing to a vocabulary of primitives. We used qualitative
shape recovery techniques to segment images and provide
necessary constraintsfor our physics-based quantitativefit-
ting process. Our new stereo and multipleview integration
algorithm allowed object pose and shape estimation in case
of cameras with arbitrary relative orientation using a sin-
gle model. We also defined a new global deformation for
bending and we devel oped a new a gorithm for uniform 3D
model discretization and hence improved the accuracy of
data force computation.
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