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ABSTRACT

A model-based object recognition system is developed for recognition of polyhedral ob-
jects. The system consists of feature extraction, modelling and matching stages. Linear features arc
used for object descriptions. Lines are obtained from edges using rotation transform. For model-
ling and recognition process, geometric hashing method is utilized. Each object is modelled using
2-D views taken from the viewpoints on the viewing sphere. A hidden line elimination algorithm
is used to find these views from the wire frame model of the objects. The recognition experiments
yielded satisfactory results.
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1 Introduction

Recognition of industrial objects and determining their position and orientation in the
environment is a major task in computer vision. Industrial object recognition systems axe
mainly model-based since in an industrial environment objects to be recognized are known
in advance and can be modeled efficiently. Model-based recognition consists of matching
the input image with the models stored in the model database. Model database contains
descriptions for each object and is prepared before the recognition process. Various types
of descriptions can be used depending on the types of objects and the application area.
The descriptions chosen must represent the objects uniquely. For a detailed survey of
model-based object recognition see [1].

The three major components of a model-based object recognition system are feature
extraction, object modeling and matching. The system consists of training and recognition
phases. The sensor and feature extraction components of the training and recognition
phases may be different.

In this work, multiview feature representation is used to model 3-D objects during
the training phase. Object is viewed from a set of points on a sphere around the object.
2-D viewer-centered descriptions for each viewpoint is stored using the geometric hashing
technique proposed by Lamdan et al.[2]. In this technique models are constructed by
forming a new basis for each ordered point pair of interest in each 2-D view and by
finding the coordinates of the other model points in this new coordinate system. New
coordinate of each point, after a proper quantization, serves as an index entry for a table.
This training phase is performed off line. In recognition stage, after extracting the points
of interest from the observed 2-D scene, an ordered image point pair is used for defining
a basis, and coordinates of other points are found using this basis. These coordinates are
used to index the table, and the corresponding view numbers, object names and basis
pairs are recovered from the. table. A voting table is formed to see how many times a
view, object and basis pair is recovered from the table. An object and view with sufficient
number of votes are chosen as a candidate match. This match is verified using corner and
line information of the scene and the model.

The preprocessing of the images and the extraction of features are discussed in Sec.2.
Geometric hashing technique and the recognition results are discussed in Sec.3. This work
is part of a more involved project in which the aim is to recognize moving objects and
determine their positions and orientations.

2 Preprocessing and Feature Extraction
For polyhedral object recognition, most natural features are the corners and the line
segments forming the edges of the objects. These features can be extracted from gray
level images obtained under controlled illumination. To detect the edges accurately images
must be smoothed first. Smoothing removes the small intensity discontinuities in the
region boundaries. To improve the speed of processing, neighborhood averaging and
weighted neiborhood averaging windows of size 3x3 have been used.

For edge detection, we have tried global methods as well as local methods based on
gradient operators. For simplicity, performance and speed we used a fast version of Sobel
filters [3] which only requires addition and subtraction of pixel values in a 3x3 window.



The horizontal and vertical gradient values, fx and /„, obtained from Sobel filtering are
used to obtain the edge stregth and edge direction using

and

To-get the edge image, thresholding is applied to the edge stregth image £(x, y). An edge
image thus obtained, in general, is not satisfactory for extracting lines. A nonmaximum
suppression technique must be used for thinning the wide bands of points containing edge
pixels. In this technique, a pixel is considered as an edge element if its edge strength is
greater than the edge strength of its neighbors in a direction normaJ to the edge direction
of the pixel in a local window. An edge pixel which does not satisfy this condition is
eliminated even if its pdge strength is larger than the threshold.

Experimental results on edge detection for one of the objects are shown in Fig.l.
Original image has 256 gray levels. (The half tone picture in Fig.l.a has only 16 levels.)
Fig.l.b shows the thresholded edge points. The threshold value highly depends on the
illumination conditions. It has been chosen as 100 for our images. Fig.l.c shows thinned
edge points which will be called as edge image from now on.

In this work, we have tried three line detection algorithms: Line detection using corner
points [4, 5], Hough transform [6] and rotation transform [7],

In the first algorithm line segments are found using corner points which are obtained
by using a corner detector. Corner points are the intersection point of lines. Hunce,
line st irch process is concentrated on local regions centered at corners. After finding
the p* .sible line segments, a false line and corner elimination algorithm is used. In [4],
a corner detection algorithm developed by Fang and Huang [5] is proposed. According
to this algorithm, "cornerness" of an image point is proportional to gradient of the edge
direction ^(x,y). This quantity attains a local maximum at a corner point. At every image
pixel, the product of "edginess", which is the magnitude of the gradient of the image, and
the cornerness is calculated and if this value is greater than a predefined threshold the
pixel is chosen as a corner point. After finding corner points, line directions emerging
from these corner points are found. Next, a search algorithm tries to find possible lines
between every pair of corner points. Finally false corners and lines are removed. This
algorithm has been implemented. Fig.2.a shows the extracted line drawing. As observed
there are some false lines while some of the lines are missed. This is due to the fact that
the corner detector of this algorithm misses some real corners while generating a lot of
false corners. In addition, some of the corners are misplaced.

Hough transform tries to find the parameters of a curve that fits to the points. When
it is used for the line detection purposes, it it gives the line parameters. This is done by
a voting process. Each line is represented by two parameters: p, distance from the origin,
and 0, the angle between the x-axis and the perpendicular to the line. So, any point (x,y)
on the line satisfies

x cos0 +

To implement the algorithm, an accumulator array with the quantized parameters p;,
8i are defined. For each edge point (a\sO all the lines characterized by (pt,6i) passing
from this point are found and the corresponding {pi,8i} entry is incremented by one. At
the end the entries (pi,Bi) above a proper threshold value are considered as lines. In

this work, to decrease the computation time, edge directions have been used as a first
approximation to the line directions. Instead of finding p values for every 9 in [0,ir], a
smaller interval 6t - <j> < 9 < 8C + <j> has been used, where 6C is the edge direction
and 0 is an acceptable tolerance angle. The result of the experiment is shown in Fig.2.b.
It is seen that there are a lot of false lines. In addition, this method yields lines with
infinite length. A postprocessing is required to find the two end points of each line. This
postprocessing requires extra work.

In the rotation transform algorithm, edge image is rotated around its center by a cer
tain angle step. Then, rotated image is searched in vertical and horizontal directions to
find possible lines together with end points. If any such line is found it is rotated back-
wards the same amount to obtain the corresponding line segment in the original image.
This process is repeated until image is rotated by 90°. If the coordinate transformation
equations are written for rotation, it is observed that one of the equations is the Hough
transform itself and the other equation carries the positioned information for the pixel
along the line. Therefore rotation transform can be considered as a generalized Hough
transform. During implementation of the algorithm with proper choice of the parameters
such as minimum content of an array cell which can be considered as a tine element, mini-
mum number of line elements which form a line segment, and separation gap between two
line segments lying on the same line, one can obtain satisfactory results. Fig.2.c shows
extracted lines obtained using rotation transform. To remove double lines, connecting
broken lines and finding corners a postprocessing step is applied. The result shown in
Fig.2.d is not perfect. Some lines are not complete, and endpoint locations of some line
segments are not very accurate. Hence higher level processing stages must be capable of
handling such situations.

3 Recognition by Geometric Hashing
Geometric hashing [2] is a model-based object recognition method for the recognition of
3-D objects with unknown 3-D position and orientation from a single 2-D image of objects.
Local features like corners and lines are used. Models are formed using geometric relations
of the related features of the 2-D views of the objects taken from points on sphere enclosing
the 3-D object. During the training phase, object descriptions are found and a hash table
is formed. This process is done before recognition. Recognition phase uses a single 2-D
image of an unknown object and the hash table which is prepared in the training phase.
The advantages of this technique are that it is scale, rotation and position independent
and it can be used for partially occluded views of the object.

In this technique, for each ordered pair of interest points in each view of the model, a
new coordinate system is defined and all other points are represented in this coordinate
system. For exaple, as shown in Fig.3, points a and b define the unit vector in the x
direction. One of these points is assigned the coordinates (0,0) while the other point is
assigned the coordinates (1,0). The unit vector in the y-direction is the orthogonal vector
of the same length pointing 90° in the counter-clockwise direction. These two vectors
define 2-D space uniquely, and the coordinates of all other points are found using these
vectors. Obviously, scaling, rotating and translating does not change the coordinates
of interest points. During the training phase, after the coordinates are found they are
quantized and are used as index entries for a hash table. For each coordinate a triplet



(model name, viewing angle and basis pair) is recorded in the specified location of the
hash table.

During the recognition phase, first, the points of interest are extracted from the image.
Assume there are n interest points. An ordered pair of these points is chosen as a basis
pair and the coordinates of all the remaining n-2 points are found using this basis. For
each such coordinate, after quantization, corresponding entry in the hash table is checked.
For each triplet appearing in the specified location, the score of that triplet is incremented.
If one of the triplets reaches a large score, it is chosen as a matching candidate. If there
i an occlusion, the chosen basis pair could be due to an incorrect interest point. In such
i case, there may be no matching candidate and the process is repeated using a different
basis pair.

When a matching candidate is found it is verified against other model and scene
points. First, the model points are aligned against to scene points by means of best-
least squares matching criterion. After this, line segment end points of the scene are
compared with the corners of the model by checking if the distances between them are
small enough. If there are sufficiently large number of correct matches a final test is made
to compare the line segments of the scene with those of the model. This stage is relatively
more time consuming compared to corner verification, however it reduces the likelihood
of accepting a false match as a real one. If a model line and scene line are sufficiently
close and parallel, and the two end points of these lines are sufficiently close to each other,
verification score is incremented by 2. If only one endpoint of the model line ia close to
a scene line endpoints, score is incremented by 1. All model lines are checked in this
manner. Then, for each unmatched scene line the score is decremented by 2 and for each
unmatched model line the score is decremented by 1. A model and view are said to be a
correct match if the verification score is larger than a predefined threshold value. When
this happens, recognition algorithm terminates, otherwise it returns to the voting process.

Implementation:
The hash table method is implemented using C++ programming language on a 80386

PC (33Mhz CPU speed) with 80387 coprocessor for a data base of polyhedral objects.
Separate views are obtained from the wire-frame models of the objects. For a given view-
point, parameters of the 3-D to 2-D transformation are found. After the transformation, a
hidden line elimination algorithm is used. Viewpoints are found by tesselating the viewing
sphere using square patches. This is done by first imposing a regular grid on the faces of
a cube. Then the grid elements are transformed radially onto the viewing sphere. In the
experiments, 6 by 6 grids on each face of the cube with a total of 218 views have been
found to give satisfactory results.

Hash tables for two objects were realized. Separate hash tables had to be used for each
object. Actually, this is not a desired situation. It increases the recogntion time. But,
the size of the hash table for a single object is very large. Because of memory restrict ions
of an IBM compatible PC, a single hash table cannot be used for several objects. Even
when the number of corners and lines of an object is large, it ia not possible to use a single
hash table for that object. In the experiments for one of the objects two hash tables had
to be used, each having different views of the object. Fig.4 shows one view from each of
the two objects.

A nonlinear quntization scheme was used for the size of the hash table bins. This is

the approach used in Ref.[8]. It is assumed that if the coordinate value is large, the effect
of the image noise on this value is larger. So, the size of the hash table bin becomes larger
when the coordinate value increases. The amount of growth is linear in each coordinate
value. In the experiments the size of the neighboring bins were increased by 0.5% along
each direction.

From the digitized images of the objects, line segments and corners were extracted
using the image processing tools described in Sec.2. By selecting two corners of the image
connected by a line as the basis, the coordinates of the hash table bins were calculated.
After this, voting was done on a hash table for one of the objects. Vote for each triplet in
the chosen hash table bin was incremented by 1. Neighboring bins were also taken into
account in voting to reduce the loss of votes due to image noise. Triplets wtth votes larger
than 0.3 times the number of line endpoits of the image were further verified using corner
and line endpoint information. The threshold for corner verification score was chosen
as 0.6 times the number of endpoints of the image and the threshold value for the line
verification score was chosen as 0.8 times the number of line segments in the image. These
values were found by trial and error.

Table 1. Voting scores and execution times (scores under the fractions are related to
false matches with highest verification scores)
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For illustration purposes, Fig.5 shows one of the edge images of Object2, alignment
of the image and model using the hash table method, and alignment of image and model
after the best least squares error transformation. Recognition experiment results for two
different views of each of the two objects are shown in Table l.a and l.b. For the hash
table of Objectl images of Objectl were matched correctly within 1 second while it took
about 45 seconds to reject the images of Object2. For the hash table of Objects, t.vo
images of Object2 were matched correctly in 4 and 39 seconds, while rejection of images
of Objectl took about 100 seconds. The reason for larger execution times is that the
hash table was too large and it had to be divided into two tables. If a single hash table
were used recognition time could fall to several seconds. In fact, for the second image of
Object2 if one starts with the hash table including this view, recognition takes 2 seconds.
Table 1 also shows that a wrong model view can take votes approximately equal to the
votes of a correct view. This is also true for corner verification scores. But there is a gteat
separ.-lion between the line verification scores of the correct and false views. This makes
the m- thod reliable. The probability of accepting a wrong view as the correct view is very
small, The threshold values must be low enough to avoid missing a correct view. When
they are too low, the number of the model views to be verified becomes high. The best
value is dependent on the models and the performance of the line extraction algorithm,

4 Conclusion

A model-based 3-D object recognition system has been developed and tested. The system
consists of preprocessing, feature extraction, modeling and matching stages. For each
stage some algorithms are implemented end tested.

Neighborhood averaging scheme has been used for smoothing. Edges have been de-
tected by using fast Sobel operator. For line segment extraction and corner detection,
rotation transform has been found to give satisfactory results.

For object modeling and matching tasks geometric hashing method has been utilized.
The experiments shows that the method is successful in recognizing and finding the pose of
an unknown object viewed from an unknown viewpoint. The disadvantage of the method
is the size of the hash table. In our implementation we had to use separate hash tables.
Therefore, sometimes recognition took long times. However, by optimization if all the
hash tables can be combined to a single hash table the recognition time will be reduced
to a few seconds.

In this work, the recognition has been limited to polyhedral objects. The method can
be modified for the recognition of curved objects also. This can be achieved by changing
the feature extraction and verification stages taking into account parameters of curvature.
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Figure Captions

Figure 1: Edge detection and thinning:(a)Original image, (b)Thresholded edge points.
(c) Thinned edge points.

Hgure 2: Extracted line drawings from image shown in Fig.l. (a)Line detection using
corner points, (b)Hough transform method, (c)Rotation transform method, (d)Final
line drawing.

Figure 3: Selection of basis vectors in geometric hashing method.

Figure 4: One of the views for (a) Objectl, (b) Object2.

Figure 5: Experiinenta] results for one of the images of Object2: (a)Edge image, (b)Alignment
of the image and the model using hash tables, (c)Alignment after the best least
squares error transformation.

(a)

(b) (c)

Figure 1: Edge detection and thinning:(a)Original image, (b)Thresholded edge points,
(c)Thinned edge points.
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Figure 2: Extracted line drawings from image shown in Fig.l. {a)Line detection using
corner points, (b)Hough transform method, (c)Rotation traasfonn method, (d)Final
line drawing.
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Figure 3: Selection of basis vectors in geometric hashing method.
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Figure 5: Experimental results for one of the images of Object2: (a)Edge image, (b) Alignment
of the image and the model using hash tables, (c)Alignment after the best-least
squares error transformation.

Figure 4: One of the views for (a) Objectl, (b) Object2.
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