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Abstract

This paper presents a quality inspection system based on an efficient model and
view based algorithm for locating objects in images and estimating their pose.
Off-line, edge templates are generated from a 8D model. On-line, a hierarchical
edge template matching technique generates matching solutions from which the
pose of the object is derived. This approach tackles the difficult typical trade-off
between tesselation size and efficiency. The proposed method works for arbitrarily
shaped 3D objects. The accuracy of pose estimation exceeds that of state-of-the-
art algorithms even if the objects are viewed on a cluttered background. Since no
high-level feature extraction is required, the algorithm is robust against changing
ambient conditions such as illumination. The inspection system is successfully
tested on two real-world inspection scenarios in the engine production.

1 Introduction

The aim of the visual inspection system described in this paper is to identify
an object and to estimate its pose in order to determine whether it has been
correctly assembled in the production process. The inputs to the system are
the 3D model of the object and an image of the scene. Numerous approaches
have been proposed in the literature for solving such a recognition task. These
approaches can be categorized in two ways: a) according to the representation
of the data, and b) according to the method for matching.

Data representation schemes can be divided into viewer-centered and object-
centered representations (for surveys see [3], [6], [9], [13]). In an object-centered
representation all features of an object are described with respect to a coordinate
system fixed relative to the object. The advantage of such a representation is that
only one model is required to fully describe the object. However, the visibility of
object features in images is viewpoint dependent due to self occlusion. Viewer-
centered representations implicitly account for self occlusion by representing an
object as a set of views taken by a (virtual) camera. The main drawback of a
viewer-centered representation is the large number of views required to describe
an object.

Once the data is represented in a certain scheme, an appropriate matching
strategy has to be chosen. Tree searching [11], graph matching [17], and indexing
techniques [8] are well known methods for symbolic matching. They have been



successfully used to recognize objects in arbitrary poses based on pose-invariant
features (e.g. angle between two planar surfaces). However, symbolic matching
has two major drawbacks: a) there is no systematic way to automatically deter-
mine robust, pose-invariant features from a 3D model, and b) high-level feature
extraction in image data is difficult.

In addition to symbolic matching, there are other techniques for matching
low-level features. Geometric Hashing [16] provides an efficient method for set-
ting up a correspondence between a set of characteristic model points and a set
of scene points by multiply encoding the model with respect to various normal-
izations. However, finding points which describe an object sufficiently well and
which can be reliably extracted from range images is difficult. Another method
for matching two sets of 3D points is the Iterative Closest Point (ICP) algo-
rithm [4] which is often applied to registration. The ICP algorithm requires a
good initialization in order to avoid getting stuck in local minima of the error
function.

Concerning applications of such methods, template matching techniques are
employed for medical purposes for pose estimation of artificial implants [12].
In the field of industrial quality inspection, robot systems are used for optical
measurement (e. g. photogrammetry) purposes based on 2D images and 3D range
data of industrial parts [5]. CAD data is used to generate the corresponding 3D
models. The described applications, however, primarily involve localization and
gauging of the inspected objects rather than pose estimation. In [1] a vision-based
automatic assembly unit is presented in which a pose estimation of industrial
parts is performed by combining an adapted eigenspace method to obtain an
initial estimation and a model-based technique for refinement. This algorithm,
however, requires that the objects are put on a uniform background.

In this paper a viewer-centered representation of the image data is chosen.
The views are generated automatically from a 3D object model with a virtual
camera; edge templates are computed for each view. The difficult trade-off be-
tween tesselation constant and accuracy of pose estimation is alleviated by a
technique for hierarchical template matching [10]. The described method is ap-
plied to two real-world industrial quality inspection tasks.

2 The hierarchical Chamfer matching algorithm

The input image first undergoes an edge detection procedure. A Distance Trans-
form (DT) then converts the segmented binary edge image into a so-called dis-
tance image. The distance image encodes the distance in the image plane of each
image point to its nearest edge point. If we denote the set of all points in the
image as A = {a1,---,an} and the set of all edge points as B = {b1,---,bn}
with B C A then the distance d(a,, B) for point a,, is given by

d(an, B) = min(||la, — by, Vm =1,---, M) (1)

where || - || is a norm on the points of A and B (e.g. the Euclidean norm). For
numerical simplicity we use the so called chamfer-2-3 metric [2] to approximate
the Euclidean metric.



The chamfer distance D¢ (T, B) between an edge template consisting of a set
of edge points T = {t1,---,tg} with T C A and the input edge image is given
by:

1 Q
De(T,B) = D dtn, B) 2

n=1

In applications, a template is considered matched at locations where the distance
measure (“dissimilarity”) D(T, I) is below a user-supplied threshold 6. To reduce
false detections, the distance measure was extended to include oriented edges
[10].

In order to recognize an object with unknown rotation and translation, a
set of transformed templates must be correlated with the distance image. Each
template is derived from a certain rotation of the 3D object. In previous work,
a uniform tesselation often involved the difficult choice for the value of the tes-
selation constant. If one chooses a relatively large value, the views that lie “in
between” grid points on the viewing sphere will not be properly represented
in the regions where the aspect graph is undergoing rapid changes. This will
decrease the accuracy of the measured pose angles. On the other hand, if one
chooses a relatively small value for the tesselation constant, this will result in a
large number of templates to be matched online; matching all these templates
sequentially will be computationally intensive and prohibitive to any real-time
performance.

Here, the difficult trade-off regarding tesselation constant is alleviated by a
technique for hierarchical template matching, introduced in [10]. That technique,
designed for DT-based matching, aims to derive a representation off-line which
exploits any structure in a particular template distribution, so that, on-line,
matching can proceed optimized. This is done by grouping similar templates
together and representing them by two entities: a “prototype” template and
a distance parameter. When applied recursively, this grouping leads to a tem-
plate hierarchy. It is built bottom-up, level by level using a partitional clustering
algorithm based on simulated annealing.

Online, matching involves traversing the tree structure of templates. Each
node corresponds to matching a (prototype) template p with the image at some
particular locations. For the locations where the distance measure between tem-
plate and image is below a user-supplied threshold §,, one computes new interest
locations for the children nodes (generated by sampling the local neighborhood
with a finer grid) and adds the children nodes to the list of nodes to be processed.
For locations where the distance measure is above the threshold, search does not
propagate to the sub-tree; it is this pruning capability that brings large efficiency
gains. Further details and applications of this algorithm to object detection in
outdoor scenes are described in [10].

In our system, we do not need to estimate scale — the distance to the object
is known at an accuracy of better than 3 percent due to the fact that the parts
are transported on a conveyor belt. Template matching does not have to search
all scales explicitly. Hence, the original pose estimation problem of determining



Fig. 1. Sketch of the robot-based inspection system with a definition of the pose angles
€ (elevation), p (rotation), and A (latitude) in the camera coordinate system.

no.| prange Ap| erange Ae| Arange AN
1 (0°...180° 2°|18°...72° 6°|—12°...+412° 6°
2 10°...20° 2°(30°...50° 2°|—10°...4+10° 2°
3 |same as 2, but without writing modelled

Table 1. Properties of the three oil cap template hierarchies (ranges of pose angles
p, €, X and tesselations constants in degrees). Hierarchy 1 consists of 4550 templates,
hierarchies 2 and 3 of 1331 templates, respectively.

6 degrees of freedom (DOF) can be reduced to a 5 DOF (3 pose angles and 2
image position coordinates) problem.

For pose fine tuning, the pose angles are interpolated between the n; “best”
template matching solutions, with n, = 30 in our system. This is justified be-
cause in our pose estimation scenario the dissimilarity values of the 30 best
solutions usually do not differ by more than about 20% and thus all these solu-
tions contain a significant amount of information about the pose.

In many applications, templates are generated from real-world image data
[7]. For inspection tasks, however, one can assume that a CAD model of the
object to be inspected is available. We therefore generate realistic 2D templates
from CAD data using the public domain software POVRAY [15], simulating the
properties of the surface material and the illumination conditions by employing
raytracing techniques. The pose of the object is defined by the three angles p
(rotation), € (elevation), and A (latitude), as shown in Fig. 1.
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Fig. 2. Left: Deviations of € (solid lines), p (dashed lines), and A (dotted lines) from
their ground truth values. Illumination is with cylindric lamp only (black lines) and
with both cylindic and halogene lamp (gray lines). The true elevation angle is constantly
set to e = 70°. Right: Matching results (best solution) for several poses of the oil cap.

3 Applications

In the oil cap application scenario, we make use of a calibrated robot system. The
accuracy of calibration with respect to the world coordinate system is about 0.1°
with respect to camera orientation and 0.1 mm with respect to camera position.
As the engine itself is not part of the robot system, the relation between world
coordinate system and engine coordinate system has to be established separately,
which reduces the accuracies stated above by about an order of magnitude.

First, the difference between the measured and the true pose of the correctly
assembled oil cap is determined depending on the camera viewpoint and the
illumination conditions. The scene is illuminated by a cylindric lamp around the
camera lens and a halogene spot. The background of the scene may be rather
cluttered. For this examination we use template hierarchy 1 (cf. Table 1). For
camera viewpoints with —10° < p < 10° and 50° < € < 60°, the measured
pose lies within the calibration accuracy interval of 1° for all three angles. Fig. 2
shows that for e = 70°, this is even true for —20° < p < 20°. This implies that
from a correspondingly chosen viewpoint, the algorithm is highly sensitive with
respect to deviations from the reference pose. Hence, it is possible to determine
the pose of the oil cap to an accuracy of about 1°. For comparison, the state-of-
the-art technique for pose estimation of industrial parts presented in [1] yields
pose errors of about 3° even when the object is put on a uniform background.
Significantly changing the illumination conditions by switching off the halogene
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Fig. 3. Left: Reference pose of the oil cap along with the examined typical fault sit-
uation. Right: ROC curves of the inspection system, based on measured values of (a)
elevation, (b) rotation, (c) latitude, (d) all three pose angles. Solid, dashed, and dot-
ted lines denote three different camera viewpoints. Note that the axis scaling in (d) is
different from that in (a)-(c).

lamp does not affect the pose estimation results. The computation time of the
system amounts to about 200 ms on a Pentium IV 2.4 GHz processor.

As the described system aims at distinguishing incorrect from correct poses,
i. e. performing a corresponding classification of the inspected object, the rate
of correctly recognized faults (the rate of incorrectly assembled oil caps which
are recognized as such by the inspection system) is determined versus the rate of
correctly assembled objects erroneously classified as incorrectly assembled (false
positive rate). This representation of the system behaviour is called ROC (re-
ceiver operating characteristics) curve. We determine the recognition behaviour
of the system for three different camera viewpoints. Here, we will concentrate
on a typical fault situation showing angle differences Ap = 0°, Ae = 2.5°,
AN = —3.5° with respect to the reference pose. In the production environment,
the engine and thus the attached oil cap is positioned with a tolerance of about
1 cm with respect to the camera. This random positional inaccuracy was simu-
lated by acquiring 125 different frames of each examined fault situation from 125
camera positions inside a cube of 1 cm size which are equally spaced at 2.5 mm
in each coordinate direction. This offset is taken into account appropriately in
the pose estimation based on the measured position of the oil cap in the image.
As a first step, a fault is assigned based on each of the three angles separately if
the corresponding angle deviates from the reference value by more than a given
threshold. By varying this threshold, a ROC curve is generated for each angle
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Fig. 4. Ignition plug inspection: Reference configuration (left) and three fault config-
urations with the corresponding matching results, using two templates. Image scale is
0.2 mm per pixel.

separately as shown in Fig. 3 right, (a)-(c). We then generate a combined ROC
curve by assuming that the oil cap is assembled incorrectly if the deviation of
at least one of the pose angles is larger than the corresponding threshold. These
thresholds are then adjusted such that the area under the ROC curve becomes
maximum. This generally yields a ROC curve showing very few misclassifications
on the acquired test set, as illustrated in Fig. 3 right, (d). Both with template
hierarchy 1 that covers a wide range of pose angles with a large tesselation con-
stant, and with hierarchy 2 that covers with a small tesselation constant only a
region on the viewing sphere close to the reference view (cf. Table 1), very high
recognition rates close to 100 percent can be achieved. With hierarchy 3, which
is identical to hierarchy 2 except that the writing on top of the oil cap has been
omitted, the performance decreases, but not significantly: At a false positive rate
of 0%, still a rate of correctly recognized faults of 98.4% is achieved.

For inspection of the ignition plug, we regard in addition to the reference
configuration three fault configurations: The clip is not fixed, the plug is loose,
and the plug is missing (Fig. 4). The connector and the plug are modelled as two
separate objects such that the offset of the plug in y direction can be used to
distinguish fault configurations from the reference configuration. The matching
results in Fig. 4 show that the y position of the plug relative to the connector
can be determined an accuracy of about 0.5 mm, which is sufficient to faithfully
distinguish correctly from incorrectly assembled ignition plugs.

4 Conclusion

This paper presented a system for industrial quality inspection based on an ap-
proach to object recognition and pose estimation by two-dimensional edge-based
template matching, with templates generated from CAD data. The behaviour
of the system was robust, without sacrificing for efficiency. The usual high cost
of template matching was dramatically reduced by a hierarchical edge matching
scheme based on distance transforms, allowing close to real-time performance.
Compared to similar techniques used for template matching in intenstiy images,
this method has the main advantage that even significant changes in the illu-
mination need not be considered in the matching process as long as the object



contours are perceivable. In contrast to most state-of-the-art techniques for pose
estimation, no initialization of the algorithm with an approximate pose known
a-priori is necessary.

We have regarded two real-world industrial inspection scenarios in the con-

text of engine production. In the first scenario, the system recognizes if an oil
cap has been correctly assembled to the engine. The second scenario deals with
the inspection of an ignition plug. Our results are encouraging and suggest that
the system is suitable for a wide variety of further inspection tasks.
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