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Abstract: Robotic handling of objects requires exact knowledge of the object pose. In this work, we propose a novel
vision system, allowing robust and accurate pose estimation of objects, which are grasped and held in unknown
pose by an industrial manipulator. For superior robustness, we solely rely on object contour as a visual cue.
We address the apparent problems of object symmetry and ambiguous perspective by acquiring multiple views
of the object cheaply and accurately, through a mirror system. Self-calibration of the mirror setup allows us to
model the mirror geometry and perform metric multiview contour matching with a known 3D model.

1 INTRODUCTION erate hypotheses from these models, based on either
edge information, or classification of surface material
Automated robotic handling processes rely on exact type. Final pose refinement is done by maximizing a
knowledge of type and pose of the object to manipu- fitting score.
late. So the problem of pose estimation is concernedAn extensive review of pose estimation methods is
with determining object position and orientation rela- given by Rosenhahn et al. (Rosenhahn et al., 2004).
tive to a reference coordinate frame. We especially In (Rosenhahn and Sommer, 2004) Rosenhahn and
address the case of uniformly textured, opaque or Sommer introduced a free-form surface based ap-
specularly reflecting objects. Approaches based onproach, where surface models are represented by
3D reconstruction will fail due to robustness prob- three Fourier descriptors. They estimate the corre-
lems. Here, the only robust geometric cue is the ob- sponding 3D silhouettes and refine the pose using the
ject contour, which can be segmented even on trans-iterative closest point algorithm (ICP), introduced by
parent objects with specialized illumination. Ifthe 3D Zhang (Zhang, 1994). In a subsequent work, Rosen-
model is known a priori, contour shape matching and hahn et al. (Rosenhahn et al., 2006) compared ICP
registration techniques are the method of choice, to and a variational method for shape registration via
avoid laborious appearance teaching. level sets. Evaluation results suggest, that the vari-
An early pose estimation approach was introduced by ational method is more robust against large pose vari-
Phong et al. (Phong et al., 1995). It is based on line ations, while ICP is more accurate.
and point correspondences between images of an ob-A recent approach to CAD-based pose estimation is
ject of different pose. The six extrinsic parameters, introduced by Ulrich etal. (Ulrich et al., 2009), where
represented by dual quaternions, are estimated byhierarchical views of a CAD model are generated at
minimizing a quadric error function. Their minimiza- multiple scale levels. For shape matching they evalu-
tion technique is compared with the Newton method, ate a similarity measure based on gradient orientation
and Levenberg-Marquardt optimization. Pose estima- differences. Their experiments show considerable ro-
tion results are compared to ground truth data, as well bustness to occlusions, clutter and contrast changes.
as the results of Faugeras and Toscani (Faugeras an€hang etal. (Chang et al., 2009) investigated pose es-
Toscani, 1986). timation and segmentation of specular objects. Spec-
Byne and Anderson (Byne and Anderson, 1998) in- ular reflections and specular flow of a known 3D
troduced a CAD-based method. They combine geo- model are used for localization and pose estimation.
metric descriptions of a 3D model, appearance infor- Experiments show the feasibility of their method un-
mation and functional information. Online, they gen- der sparse highlights and small environmental mo-
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tion. 3 POSE ESTIMATION

Most approaches assume the presence of edges or any

kind of local features. Furthermore, object symme- Pose estimation is based on matching measured con-
tries and shape ambiguities are not considered. Ourtours from all mirror views against a set of pre-
method in contrast also works with untextured, trans- generated synthetic contours. Using a known 3D
parent and shiny objects. They can also have smoothmodel, and camera-mirror geometry as obtained from
surface geometry which is not easily approximated by calibration, the object is rendered in different poses.
polyhedral models. In our work, we rely only on ob- From each rendered image, contours are extracted
ject contour information. To overcome the problem and added to a database. The set of all rendered im-
of contour symmetry and ambiguous views, we pro- ages covers the space of possible object orientations
pose a multi-mirror system in combination with a sin- in front of the camera, sampled in discrete intervals.
gle camera and light source. The result is a cheap, Pose estimation subsequently is reduced to an exhaus-
perfectly synchronized multiview system, which can tive search within this database. The classification re-
be self-calibrated from any known reference object. sult is guaranteed to be globally optimal with respect
Furthermore, our pose estimation procedure is insen-to the discretized space of orientations.

sitive to local minima, because an exhaustive search

over the space of object contours is performed. 3.1 System Calibration

We assume the camera projection center to be lo-
2 CATADIOPTRIC GEOMETRY cated at the world coordinate origin. Hence, camera
rotationR is the identity matrix and translatianis
A central perspective camera projection matrix is Z€ro. Intrinsic calibration is performed as proposed
given by a 3x 4 matrix P, computed from camera by Zhang (Zhang, 1999). The mirror calibration pro-
calibration matrixK , which includes the five intrin-  cedure used within our approach is based on the work

sic camera parameters, rotati@rand translation: of Hu et al. (Hu et al., 2005), where first the mir-
ror plane normah is estimated, followed by camera-

_ _ P=KIRIY @) mirror-distance d. For computation af two pairs
A 3D plane is defined as: of corresponding points between real view and each
n'x+d=0, 2) mirror view are required. These correspondences are

obtained via the object convex hull in the real and mir-
ror views. There are exactly two lines, which are tan-
gent to both convex hulls. They are calli@itation
linesand provide a pair of corresponding points each.
Furthermore, their intersection provides the vanish-
ing pointvp of n, which coincidentally describes the
epipolee of the virtual camera. Mirror normal is

X=D'x, M"=D*'N, P=PD". (3 computed by evaluating the direction of the viewing
Catadioptric devices use reflective devices in a cam- ay throughein the image:
era’s field of view to capture an object from more than n=(nuny,n) =K le. (6)
one viewpoint. Additionally, catadioptric stereo has
geometric and radiometric advantages. One geomet-Camera-mirror-distance d is computed with knowl-
ric advantage is the reduced number of camera param-edge of a single object poirik,y) and its mirrored
eters. One radiometric advantage is the replication of correspondencgd’,y’):
light sources due to mirror reflections. The relation A

S N uzg

between the real camera and its virtual reflection is d=—1——, @)
defined by the mirror reflection matri®, which is 2(unz —ny)

d_efmed by the mirror normat, the camera-mirror- - where (u,v) are normalized image coordinates, and
distance d and the camera coordinate frame origin o, _ /' _\, The nominal distance between camera

¢ (Gluckman and Nayar, 2001): center and 3D world pointys set to 1, which results
~[Il—=2nnT €-2dn] [R t 4) in a system calibration up to an unknown scaling fac-
o 0 1 |0 1} tor (Hu et al., 2005). In the case of multiple mirrors,
. . these correspondences cannot be uniquely determined
eal
Avirtual camera 'S_’ tczjmputzjj frcT)I?( as over all views. Hence, an additional point correspon-
pyirtidl — prept. (5)  dence is established by evaluating the centroid of a

with normal vectorn and the distance to the ori-
gin d. Reflections in 3D space are Euclidean trans-
formations, which additionally perform orientation
changes. Algebraically, a reflection is given by a ma-
trix Dax4, Which is able to reflect points, planedl

and cameraPB over a reflection plane:

D
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sphere. With known sphere radius, the calibration can
be upgraded to metric, including exact scale.

V V

3.2 Contour Representation and
Similarity Metric :» j ::

Figure 1: Tow views of a sample test object. Extracted im-
The matching process itself needs to be fast and accu-age object contours are similar due to object symmetry.
rate, but it does not have to be scale- or rotation invari-
ant. We therefore choose a simple approach, where
each contour is represented by aSeif neighboring
contour points§ = {x1 ... Xin }. Without scale invari-
ance, identical contours have approximately the same
number of points, and a similarity metric is computed,
using the sum of squared distances of corresponding
points:

CCD camera, and five planar mirrors. The mirrors
are placed transversely in front of the camera. A LED
light source illuminates the object coaxially against
defined background to simplify the contour extrac-
tion process. Due to the transversal placement of
the mirrors, light sources are replicated, which results
n in approximately diffuse illumination conditions and
8 = Z IXik — Xk, (8) avoids shading on round object borders.

An object is placed in unknown orientation inside

wheree; is the similarity error between two contours  the catadioptric setup. We evaluated our setup with

S ands;. three different test objects: (a)>510x 5mm block,
providing a front-back symmetry, if only image con-
3.3 Contour Extraction and Matching tours are taken into account, (b)5L5 x 5mm slant-

ing block, providing an upside-down symmetry, and
Shape matching is an exhaustive search for the(C) 10x 10> 5mm slanting block, also providing an
best matching synthetic contour in all views. The UPSide-downsymmetry.
camera intrinsics, mirror parameters, and a contour
database, which stores the synthetic object con-4.1 Self Calibration
tours for all orientations, are given. Experiments
on synthetic contour matching as well as real ob- The system is calibrated as described in Section 3.1.
ject pose estimation (see Section 4) have shownWe evaluated the reprojection error (RE) and used it
that it is sufficient to consider a discrete set of asameasure of calibration accuracy. Over several cal-
orientations. Considering the space of all object ibration runs we achieved an average RE @fipx.
orientations as the set of all roll, pitch and yaw-angles This comes up to a geometric error qfr@ at a cam-
(r,p,y)",r € [0°,360°],p € [0°,360°],y € [0°,360"], era object distance of 350mm.
we discretize in 12 steps and have 27k database
entries. Selecti_on of tht_e di_scretization step de_pend54_2 Pose Estimation
on the underlying application as well as available
hardware. Modern graphics cards allow rendering of
six views of a detailed 3D model at over 100fps, and tours as well as real objects, with a focus on sym-

a database of 27k entries is generated in roughly five metries, that cannot be resolved from a single view.

minutes. To estimate an object pose, the contours arer oce include upside-down fligsds)and front-back

extracted from an image and compared to entries in g.. " 51" Additionally, different rotationgrot) have

the database, according to the metric in Section 3.2. /° " 7 00 The upside-down ambiguity can be
To further speed up the matching process, contour .
resolved with our proposed method. For symmet-

features like length and aspect ratio are used to reject; = -\ o jive object (a), a front-back symmetry re-

dissimilag contguts early on. mains, and quadric blocks would lead to four equiv-
alent poses. In order to evaluate correctness, pose
estimation has also been evaluated on synthetic data.
4 EXPERIMENTS Synthetic contours with slightly different poses to the
contour database poses were generated. According to
We focus on object symmetries and ambiguities, be- a discretization step of 22the residual error should
cause these are the most challenging cases. In Fignot be greater than°&or a correct match. As pre-
ure 1 a typical symmetry case is shown. Our ex- sented in Table 1, our results lie within this expected
perimental hardware setup consists of a monochromerange. Numerical results on the real test objects are

Pose estimation has been evaluated on synthetic con-
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given in Table 2. For each obje¢tds) (fbs)as well
as different rotationg¢rot) have been evaluated. For

not get stuck in local minima. Most object symme-
tries were resolved. Creation and storage of a contour

object (a), ?” means a successful match, but a front- database is feasible up to a certain discretization step.
back symmetry could not be resolved. Figure 2 shows Our choice of 12 might not be sufficient to resolve
exemplary matching results. fine details of some objects, though. Future work in-
cludes the intelligent organization of a more dense
Table 1: Results on pose estimation of randomly generated database by clustering of similar views. Furthermore,
synthetic contours at a discretization step of.12 evaluation of real objects with given ground truth on
; their pose will be an issue. Further iterative 3D ob-
Object  Runs Avg. rpy Errors . ; . .
J’ g- Ry ject registration can also be taken into account. To
. o o overcome the discretization error, one could consider
@ 10 r=52,p=34°y=35 further pose refinement, using iterative methods like
(b)

ICP.

10 r=6.0,p=32°y=54°

13

() r=4.7°p=4.6°y =45
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We have shown that object symmetry and ambiguous

perspective are better resolved than using a monocu-

lar setup. The problem of object pose estimation was

reduced to an exhaustive search of matching contours.

Experimental results show that this procedure does

(b)

Figure 2: Two examples of contour matching results. Match
result are shown with a translational offset for better alsu
ization.
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