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Abstract

A challenge in computer vision is to recognize 3-
D objects and determine their 3-D pose from im-
ages using the known models of the objects. In
this paper, a methodology, based on a single im-
age acquired from a CCD camera, is presented for
such a task. From intensity images, the salient fea-
tures are first accurately and robustly detected by
an algorithm. From the detected features, elliptical
curves and straight lines are then grouped into fea-
ture groupings according to their feature types as
well as their spatial, geometrical and topological re-
lations. Through the correspondences between the
feature groupings and the model features, the ob-
ject’s 3-D pose is determined from which their CAD
models are projected back to the image for con-
firmation. Results from implementations are pre-
sented to demonstrate the efficacy of the method-
ology for recognizing polyhedral and cylindrical ob-
jects.

1 Introduction

In computer vision, 3-D object recognition and pose
determination are closely related in both theory and
implementation. In model-based cases, the essen-
tial task is to find through sensors the identity and
the pose of 3-D objects from object models in the
model base. In general, there are two common
types of sensory inputs: 2-D intensity images ob-
tained from CCD cameras, and range images ob-
tained from range scanners [12]. Problems involv-
ing data of the first kind are generally more difficult,
especially when only image data from a single CCD
camera are available. This is known as the “monoc-
ular vision” problem and this type of problem is
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Figure 1: The general structure of an object recog-
nition system (based on Besl and Jain 85)

particularly important for vision based industrial
automation [13].

The structure of a general object recognition sys-
tem is shown in Figure 1 [1]. Among the five pro-
cesses described here, the description (feature ex-
traction and grouping) and the recognition process
are the major issues to be presented in this paper.

Feature extraction is a process for finding distinct
primitive characteristics or attributes in the image.
In general, image features are classified into two ma-
jor types: region-based and edge-based. Region-
based features are derived from the estimation of
statistical parameters. This is usually time consum-
ing. Edge-based features, such as edges, lines and
corners are more frequently used [10, 9, 6]. Classi-
cal approaches to detect edge-based features make
use of lines and corners only. The close relations
among these features are not utilized in the recog-
nition process. Object recognition usually relies on
feature matching assisted by pose determination.



In this paper, we present a vision system for ob-
ject recognition and pose determination based on a
single image acquired from a CCD camera. It first
detects salient features from grey-level image and
then groups them according to their feature types as
well as their spatial, geometrical and topological re-
lations. The types of feature groupings include: (1)
four corner points and the triplets of lines forming
corners; (2) curve segments that fit ellipses with es-
timated parameters. The use of matching hypothe-
ses generated based on feature groupings is usually
more robust and effective than the combinatorial
matching of point features.

The object recognition and pose estimation prob-
lem is based upon Fischler and Bolles’ algorithm [5].
It determines the 3-D object pose from a 2-D im-
age by relating the feature groupings found and the
model features. Once the correspondence is estab-
lished, object model with the detected object pose
is back-projected onto the 2-D image plane for con-
firmation. The closeness of back-projection frame
to the image features is evaluated by two measures,
namely, “plausibility” and “reliability”. The first
measure helps to determine if the object is success-
fully recognized and the second is for fine-tuning
the pose. To resolve instability and sensitivity to
noise, we exploit data redundancies for verification

“and refinement of the initial recognition result.

In the subsequent sections, we first describe our
feature detection, grouping and pose determination
algorithms. We then present results from experi-
ments to demonstrate the efficacy of the methodol-

~ ogy for recognizing polyhedral and cylindrical ob-
jects.

2 Algorithm Description

Figure 2 provides the functional modules of the sys-
tem. In regards to the processing level of infor-
mation, the system is subdivided into three major
blocks: image pre-processing, feature grouping and
object recognition. In this paper, we will focus on
the last two blocks.

2.1 Visual Feature Grouping

An intelligent interpretation of 2-D image begins
with edge features [14]. Based on the edge features,
feature grouping clusters the individual 2-D features
in an image to one or more groups each of which
interprets a possible part of the object to be recog-
nized. Feature grouping will effectively reduce the
search space of object recognition and pose determi-
nation, and therefore, speed up the entire process.
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Figure 2: The software modules of monocular 3-D
object recognition and pose determination system

It changes the low level 2-D image features into high
level symbolic features.

The task of feature grouping can be formalized as
the following: Given a set of 2-D image features F,
the feature grouping procedure C outputs a set of
possible feature groups {F;} such that each group
is related to a part of an object imaged in the 2-D
image, i.e.

C: F—{F,--,Fo} (1)

n
s.t. U F;,=F and
i=1

F; = {Objj}

where the set of obj; is in the model base. In this
article, we restrict the element of F' as one of the
following two symbolic features: a) straight lines
and b) elliptical and circular curves.

The procedure of feature grouping is essentially a
heuristic process which searches for connected local
features. The 2-D geometrical and topological con-
straints of feature combination reduce the number
of possible groupings effectively.

2.1.1 Junctions and Corners

Through edge tracking, we obtain the traces of
edges in a 2-D image. The traces consist of straight
lines, curve segments and other features. As shown
in Figure 3, straight lines can be separated from the
edge traces and grouped together under grouping



edge traces

I Line Partitioning |

lines

I Junction Searching |

junctions

| Corner Finding |

corners

Figure 3: Straight line grouping procedure

edge traces

| Curve Partitioning

curve segments

[ Curve Analysis

curve characteristics

Curve Grouping

ellipse or circle

Figure 4: Curve grouping procedure

rules. Then junctions can be found in each straight
line group. The junctions can also be grouped to-
gether. From each junction group, we can find cor-
ner groupings.

2.1.2 Ellipses and Circles

Figure 4 illustrates the curve grouping procedure.
Just like the lines, curves can be partitioned from
the edge traces. The curve segments are combined
into groups and the equation of each group is then
solved after the grouping process to determine the
curve parameters. The equation for ellipse is ex-
pressed as:

[(= — a)cosd + (y = 5)3in8)2 [—(= — a)sin® + (y — b) cos 6]
2 * 2
c d

=1 (2)

where (a, b) is the center, c and d (¢ > 0 and d > 0)
are the axes, 8 is the rotation angle (direction) of
the ellipse. When ¢ = d, the ellipse becomes a circle.

In order to estimate the five parameters of an

ellipse, at least five 2-D image points on each curve
grouping are needed.
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2.2 Hypothesis Directed Feature

Matching

In this paper, recognizing an object from a 2-D im-
age is essentially a feature matching process. It at-
tempts to establish correspondence between feature
groupings from 2-D images and the 3-D features
from models in the object model base. In general,
feature matching requires exhaustive search and is
recognized as an NP-complete or NP-hard problem
(4]

To speed up the matching, we introduce a hy-
pothesis directed search based on a modified ver-
sion of the constellation matching algorithm [11].
Hypothesis generated from observed feature group-
ings are used as heuristics. The hypothesis is evalu-
ated with the following two criteria: a) plausibility:
a threshold measure to identify if the established
matching is acceptable; b) reliability: a measure
based on the matching error and a weighting score
from the feature grouping itself.

The algorithm is as follows:

1. generate a search tree from the available image
feature groupings and 3-D model features;

2. select an unmatched image feature grouping
and a 3-D model feature to establish a match-
ing hypothesis;

3. estimate the characteristic view [2, 14] (a 2-
D description of the 3-D object based on on
a perspective projection) according to the hy-
pothesis;

4. evaluate the plausibility and reliability of the
matching hypothesis;

5. verify the hypothesis and record the successful
matching;

6. go to step 2 to search for new matching pairs
until all image feature groupings has been ex-
ploited or an plausible and reliable matching
has been found;

& oixtput the result.

2.3 Pose Determination

Pose determination is a well studied problem. Al-
gorithms employing analytic closed form solutions
as well as numerical solutions can be found in
[3, 5, 7, 8]. Based on these work, we have devel-
oped a pose determination package to resolve the
problems of speed, accuracy and uncertainty.



2.3.1 The Pose Estimation Problem

The pose estimation problem is described as fol-
lows: Let (p1,p2,...,Pn) be the points of the ob-
served object expressed in a coordinate system
pre-assigned to the object, and (Py, Ps,..., Py) be
the corresponding perspective projection points on
the image plane. A pose determination algorithm
would yield a rotation matrix R and a translation
vector T' which together map (pi,p2,...,Pn) onto
(P, Pyy..., P;). Apparently, a corresponding in-
verse rotation matrix and translation vector should
map the image points back into model space. As
a result, the determined model points can be ex-
pressed relative to the image plane or, as described
later, to the camera coordinate system. We assume
that both the principal point in the image plane
(where the optical axis of the lens intersects with
the image plane) and the focal length (distance from
the center of the perspective to the principal point)
of the imaging system are known. We also assume
that the camera resides outside and above and ob-
ject, and a convex hull would enclose the control
points.

2.3.2 Geometry, Projections and
Transformations

In pose estimation, three coordinate systems,
namely, image, camera and model system are
adopted (Figure 5). In the following, we use the
lower case p’s and upper case P’s to refer to the
. points in the 3-D space and on the 2-D plane re-
spectively. The subscripts ¢ and m signify that the
point is expressed in the camera or model coordi-
nate systems respectively.
Image Coordinate System
The image coordinate system is defined on the 2-
D image plane. Following the convention in most
pose estimation algorithms, we put the origin at
the geometric center of the image (as opposed to
the top-left corner in most of other image processing
systems) with a horizontal z axis and a vertical y
axis. To keep the image in a positive orientation we
assume that the image plane is perpendicular to the
viewing axis and located at a distance f (the lens
focal length) from the camera center.
Camera Coordinate System
The camera coordinate system is a viewer centered
reference system such that the observer is located at
the origin which is the center of the lens. The view-
ing axis is colinear to the z axis. For simplicity, the
z and y axes are chosen to be colinear to the z and
y axes of the image coordinate system respectively.
In the perspective model as shown in Figure 5, the
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point on the image corresponding to an arbitrary
point in space is located at the intersection of the
image plane and the line joining the point to the
center of the lens. Thus, if a point has coordinates
(z,9y,2)c in the camera system, its image point P
will be (X,Y, f). = (ZL, &L, f). where f is the focal
length.

Model Coordinate System

The model coordinate system is used to describe the
CAD model of known objects. It is usually selected
such that the origin is located at the center or a
selected corner of one of the object’s flat surfaces
while the z axis is perpendicular to the plane.

2.3.3 The Perspective Tetrahedron

Suppose that we have three image points Py, P;, P3
and their 3-D counterparts p;, p2, p3s. According to
the perspective projection, the positions of p;, p2
and p3 are determined from the image rays through
the corresponding image feature points Py, P, and
P;.

The constraints imposed by the relative 3-D posi-
tion of the object points in both model and camera
coordinate system could be expressed by the set of
three distances (“legs”) from p;, p» and p3 to the
camera len’s center. The three legs, also called the
perspective tetrahedron, are denoted by L;, L2 and
L; (Figure 5).

A solution set of Ly, L, and L, can be obtained



by applying cosine law from the following set of
functions:

R%Z = Lg + L% - 2L1L2608012 (3)
R}y = L} + L} — 2L, Lycoshrs 4)
R33= L3+ L2 — 2L,L3c0s0,3 (5)

where Ry, Ri3 and Ry3 are the three inter-point
distances among the three object points:

Ri2 = |p2 — p1
Ri3 = |ps — p1|
Ry3 = |p2 — p3|

Here we apply Fischler and Bolles’ algorithm [5]
to obtain the three angles and transform the above
three functions to a quartic polynomial whose roots
are solved numerically with Grant and Hitchin’s
method.

2.3.4 Rotation Matrix and Translation
Vector

Let R be the rotation matrix, T be the translation
vector from camera coordinate system to the model
coordinate system; pim, p2m and ps, be the co-
ordinates of the three object points in the model
coordinate system; and p;., psc and ps. be the co-
ordinates of the three object points in the camera
coordinate system. As suggested in Section 2.3.2,
Pi1c; P2c and p3. can be determined from their lo-
cations in the image coordinate system. We then
have:

Pim = Rpic + T, =123 (6)

With the known locations of pi;,, pam and psm
(in the model coordinate system) and L;, Ly and L3
from the solution, the translation vector T', which
is actually the coordinate of the camera len’s center
relative to the model’s origin, can be easily solved
by a set of three quadratic equations. Then we can
transform Equation 6 into:

Pim — T = Rp;. 1=1,2,3"(7)

Now we combine the three point vectors into a

matrix and obtain:

Pm = (plm)p2m1p3m)

P = (P1c, D2c, p3c)

Equation 7 then becomes:

Pm — T = Rp, (8)
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Figure 6: The solution of three colinear points

We then can solve R by:
R= PmP.; X (9)

Note that we have to find the inverse of a matrix
Pc- Thus R cannot be figured out while p, is singu-
lar. This does happen when the three vectors are on
a common plane. In this case, we could still calcu-
late R by two of vectors and the norm vector of the .
plane. As seen in Figure 6, we choose two vectors
containing the farthest separated image points and
their cross product to construct p.. p. will not be
singular since the two vectors and their cross prod-
uct will not be coplanar unless one of the vectors is :
Z€ro.

2.4 Pose Verification and
Refinement

The above pose estimation algorithm yields several
solutions. The reliability and plausibility measures
are then used as criteria for pose verification and re-
finement. Given one of the pose solutions R and T'
(called a “candidate”), it is straightforward to ob-
tain the inverse transformation R and T' which are
then used to project the entire object model from
the model coordinate system to the 2-D image. In
the image coordinate system, the back-projection
error is then calculated based on the discrepancy be-
tween the 2-D image features and the corresponding
projected 3-D model features. The back-projection
error, the number of matched feature groupings and
their pre-calculated weighting scores are then com-
bined into a plausibility criterion. The candidate
with the largest plausibility is selected as the best
solution. If the measure of the best solution is still
smaller than a pre-set threshold, we conclude that
the object recognition fails.

There are a number of factors, such as image
noises and the distortion of the camera lens, which
may cause inaccuracies in pose estimation. It is sur-
prising to find that the calculation of rounding error



plays an important role for the pose accuracy. As
described in Section 2.3.3, we apply Fischler and
Bolles’ algorithm to solve the perspective tetrahe-
dron which requires finding the roots of a quartic
polynomial. Although the approach provides closed
form solutions, it is inevitably sensitive to the ratio
of focal length and. object distance when this ra-
tio becomes large. In fact, the quartic equation is
a perturbed form of equation (z — 1)* = 0. It is
well known that this equation may be very sensi-
tive to the perturbation and stable while accurate
roots are hard to obtain. The Grant and Hitchin’s
method always return a set of roots but in some
cases the equation is ill-conditioned and there is no
guarantee on their accuracy.

To enhance the reliability of the pose estimation,
we introduce a pose refinement process to “fine-
tune” the solutions using the redundant informa-
tion. In the algorithm described in Section 2.3.3,
R and T are calculated by three pairs of matching
points. When extra matching feature pairs and el-
lipse/circle pairs are available (true in most cases),
they will be used only for evaluating the matching
errors and the plausibility criterion. In pose refine-
ment, among all the matching pairs, a combination
of four pairs with the least uncertainty and largest
plausibility are selected for pose re-calculation. The

“new “fine-tuned” pose result would in general agree
with the initial one but with higher accuracy and
with ill-condition problem avoided.

3 Applications and Results

3.1 System Configuration

The monocular 3-D object recognition system was
implemented in the PAMI lab at the University of
Waterloo to support intelligent robotics for auto-
matic object manipulation and collision avoidance.
It is part of the STEAR #3 research project spon-
sored by Thomson-CSF. As shown in Figure 7, the
system consists of several software packages imple-
mented on Sun Sparc 330 and a PUMA robot arm
mounted with a CCD camera. The task of the robot
is to move into a frame, engage known objects, one
at a time, and transport them out of the frame. The
role of the vision system is to provide the robot in-
formation on the recognized object and the frame as
well as their pose. Through an eye-hand coordina-
tion algorithm, the intelligent robot system relates
the spatial information of the objects and the frame
from the camera to the end effector. Using this in-
formation, an online path planning algorithm plans
a trajectory through inverse kinematics and control
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Figure 7: The PAMI intelligent robot system: a
CCD camera mounted on the robot arm recognizes
and determines the pose of the object and the frame.
The robot arm then engages the recognized object
and move it out of the frame

(b)

Figure 8: The CAD models for the two objects: (a)
grenade and (b) bridge

the movements of the robot arm.

3.2 Experimental Results

Experiments were conducted with two kinds of poly-
hedral objects, namely, “grenade” (Figure 8(a))
and “bridge” (Figure 8(b)). In the test image as
shown in Figure 9, there are two “bridges” and
one “grenade”. In the current implementation, only
grey-level information is considered while color and
texture information in the 2-D image are not used.

The feature detection and grouping algorithm
takes in the 2-D image from which it extracts
straight lines and curve segments. The straight lines
are fitted and grouped into feature groupings as
shown in Figure 10 (a). The curve segments are fit-
ted with ellipses as illustrated in Figure 10 (b). Pose
hypothesis are generated according to the matching
results. For each possible matchings, there could



Figure 9: Two 3-D objects, a “bridge” and a
“grenade”, are used in the experiments of pose de-
termination

be multiple pose solutions. The final decision is
made from the plausibility measure and the relia-
bility measure. Figure 11 presents the object recog-
nition and pose determination result of the three
objects by showing the back-projection of the CAD
models, one by one, onto the 2-D image.

4 Conclusions

In this paper, we introduce a new system to per-
form 3-D object recognition and pose determination
through a single CCD camera. The prominence of
our methodology lies in (1) the use of spatial and
_topological feature groupings and (2) an automatic
pose verification and refinement algorithm. The
system has been integrated into an intelligent robot
system to guide a robot arm to engage objects while
avoiding obstacles along its path.

Our future work is to adopt a new algorithm of
pose determination under development that is more
stable and tolerant to noise. We would also incor-
porate an automatic camera calibration algorithm
to minimize lens distortions. Finally, this system
will be integrated with a model synthesis system to
obtain 3-D models of polyhedral or cylindrical ob-
jects.
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(a)

Figure 10: The results of feature grouping: (a) the feature groupings consist of fitted straight lines (b) the
fitted ellipses

Figure 11: Back-projection of the recognition and pose determination result: (a) the grenade (b) the left
bridge (c) the right bridge
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