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This paper presents a new approach for model-based object recognition with range
images by combining morphological feature extraction and geometric hashing. In
low-level processing, range images are segmented into 3D-connected surface patches.
In middle-level processing, each connected component is processed by using morpho-
logical operations to extract the skeletons of high-variation regions. These skeleton
points can be viewed as invariant salient feature primitives. In high-level processing,
geometric hashing is used to recognize objects. We also use a basis-similarity con-
straint to reduce the number of spurious hypotheses. Experimental results have shown
that the proposed method is effective and has great potential for model-based object
recognition using range images.

Keywords: computer vision, object recognition, range image processing, feature extrac-
tion, geometric hashing

1. INTRODUCTION

Object recognition in a cluttered and partially-occluded 3D environment is an im-
portant but difficult problem. A reliable 3D object recognition system is useful for
many applications in computer vision such as locating a 3D object from arbitrary camera
positions, registering and integrating range images from different view points, and track-
ing a specific object in a dynamic environment.  In this paper, a model-based 3D object
recognition approach is proposed. In our experiments, range images of 3D objects were
obtained using a stereo range finder [5]. Reliable invariant features based on the shape
of 3D objects were then extracted from the range images and stored in a database which
could be used for recognition.

Typically, there are three stages in a model-based recognition process. The first
stage is a low-level processing or pre-processing stage.  In this stage, the range images
are filtered or smoothed to remove noise induced in range image acquisition. The sec-
ond stage is a middle-level processing or feature-extraction stage. The feature primi-
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tives to be extracted should be salient and invariant. With this feature extraction stage,
the amount of data to be processed subsequently can be considerably reduced. Also,
good feature selection can greatly improve matching efficiency. The third stage is a
high-level processing or recognition stage which finds possible partial matches between
the scene and the model-based database. To find the correct matches effectively, the
recognition stage may include the following two tasks: hypotheses generation and veri-
fication. The hypotheses generation module selects matching hypotheses which have
high scores, and then the verification module verifies these hypotheses by transforming
the corresponding object model into the scene and computing the correlation between
model and scene in the overlapping portions. These two tasks are performed iteratively
until all the objects contained in the scene image find their matches, or all the hypotheses
with high scores have been considered.

Along with the above framework, we develop an integrated approach for object
recognition based on range images. In middle-level processing, feature primitives are
extracted by using mathematical morphology (M.M.). The reason we adopt the M.M.
for range image processing in this work is explained below. First, M.M. can deal with
the shape of a function in an intuitive way; hence, it is suitable for range image process-
ing since range images inherently contain plenty of shape information. Second, M.M.
operations such as opening (or closing) used in this paper can inherently remove convex
(or concave) bumping noises, and hence our feature extraction method is less sensitive to
noise. On the other hand, most previous approaches used the differential-geometry
based methods to extract invariant features from range images [1, 3, 23], which usually
reguire the computation of the first-order or second-order derivatives of a range image,
and are known to be noise-sensitive if without sophisticated preprocessing. Experi-
mental results have shown that our feature extraction method is stable, and can extract
salient features from noisy range images.  In the past, not much work has been done to
apply the M.M. to range image processing (a few examples are [15, 25]). In this work,
we used the morphological technique to extract invariant salient features — skeletons of
high-variation regions, from arangeimage. The characteristic of this method is that the
residue computation is along the orthogonal direction, instead of along the parallel direc-
tion, as shown in Figs. 2(b) and 2(a). As a consequence, the extracted regions are in-
variant to 3D rotation and translation.

In high-level processing, geometric hashing (GH) is adopted for solving the recog-
nition problem. GH is a genera model-based scheme which can be used to solve many
model-based recognition problems as long as the transformation class has been given.
GH was first introduced by Lamdan and Wolfson [17]. Some error and sensitivity
analysis was given in [13, 18]. In [24], the GH technique was generalized to use line
features instead of point features. Gavrila and Groen [12] introduced a method to rec-
ognize polyhedral 3D objects using 2D images by increasing the voting complexity from
al possible viewing directions under orthographic projection. Rigoutsos and R.
Hummel [20] introduced a Bayesian approach for model matching and voting for the GH
technique.  In the previous literature [12, 13, 16, 18, 20, 24], GH was usually applied
for the 2D case, especially for the 2D affine-transformation case.*  In this paper, we use
GH to solve the 3D object recognition problem, where the transformation class consid-
ered is 3D rotations and 3D trandations.

IHowever, arecent research reveals that 2D affine transformation cannot account for human 3D
object recognition [19].
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Fig. 1. Framework of our approach for 3D object recognition using range images.

Fig. 1 shows the framework of our approach for 3D object recognition using range
images. In this figure, the input range images are first pre-processed to remove noise
and then segmented as a set of 3D connected components. Each component is then
processed using mathematicak morphology (M.M.) to obtain the skeletons of
high-variation regions. The knowledgebase used here is a hashing table which stores
useful invariant coordinate information generated by the learning phase of GH. The
original range images of the object models are also stored in the database for hypotheses
verification. In this paper, point features are used. Edges or skeletons are viewed as a
set of paoints, asin [20]. The reason for using point features is that this type of features
can handle the partial-occlusion problem better than curves or surface patches can. As
mentioned above, GH can exploit the similarities of feature attributes between the model
and scene as a local constraint in the voting stage. To choose a local constraint, an in-
tuitive method is to use the similarity of the neighboring range data of a feature point.
However, the drawback of using such local primitives for range images is that it is easy
for these primitives to be similar to each other.  For example, the neighboring range data
of al the feature points in an edge of a cube are similar to each other. An approach
suggested in this paper is to use the similarity of the basis triangles (described in Section
3.2.1) asaloca constraint to remove the incorrect hypotheses in voting, instead of using
the similarities of the neighboring range data of feature points between the model and
scene. In our experience, this useful loca constraint (i.e., the similarity of the basis
triangles) can significantly improve matching efficiency. Also, the relation between GH
and a famous paradigm, the random sample consensus (RANSAC) [10], is pointed out
and discussed in thispaper. In fact, if the bases are selected randomly in the recognition
phase of GH, then GH can be viewed as a generalization of the RANSAC approach,
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where the model information is stored in a specified hashing table (see Section 3.3).

This paper is organized as follows. Section 2 describes our methods used for the
low-level processing and the middle-level processing methods. The GH technique for
3D object recognition is proposed in Section 3.  Some experimental results are given in
Section 4. Section 5 gives the conclusions and some discussion.

2. LOW-LEVEL PROCESSING AND FEATURE
EXTRACTION OF RANGE IMAGES

2.1 Low-L evel Processing of Range I mages

The purpose of the low-level processing stage is to delete jumping noise as well as
to perform basic segmentation. These two tasks are unified into a single procedure
called 3D connected component labeling. The procedure of 3D connected component
labeling is similar to that of 2D connected component labeling introduced in [14], except
that the depth differences between neighbor pixels are also considered. Those con-
nected regions with areas smaller than a given threshold can then be deleted. Hence,
this procedure can remove isolated jumping points. In our algorithm, a binary map of
the processed range image isfirst generated. Two pixelsin arange image are connected
if (i) one of them belongs to the 8-connected neighbors of the other in the binary map,
and (ii) the difference between the depths of these two pixels is smaller than a given
threshold. The 2D connected component labeling algorithm introduced in [14] can be
generalized to be a 3D agorithm by changing the definition of the NEIGHBOR() opera-
tor. In this paper, the algorithm in [21] is adopted to extend to the 3D case due to its
time efficiency. According to our experience, this smple low-level processing strategy
can successfully remove jumping noise and segment the range images into connected
surface patches in almost all cases.

2.2 Feature Extractions of Range | mages Using M or phological Operators

In middle-level processing, features were extracted by using the morphological
opening or closing operation with spherical structuring elements.  Our fea
ture-extraction method can be divided into two stages. the first one is to compute the
orthogonal residue described in Section 2.2.1, and the second one is to compute the
skeleton of high-variation region (HV-skeleton) described in Section 2.2.2.

2.2.1 Orthogonal residue

In this work, the structuring elements (S.E.s) are chosen to be spherical since sphere
is the only shape which can make the opening and closing results rotation invariant.
For simplicity, we only describe in the following the case of using morphological open-
ing, while this method can aso be applied in the case of using morphologica closing.
Let I(x, y) be a 2D range image, and k be a spherical S.E. with radiusr. Traditionaly,
the opening residue [15] was defined as (where “0” denotes the operation of opening)
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% [1 KX y) = 1(x, y) —[lok](x, y)

which is always non-negative and can be used for detecting the high-variation convex
portion of a signal. Similarly, high-variation concave portion of a signal can be de-
tected by using the dual operation — closing. However, such residue was measured in
parallel along the direction perpendicular to the x-y plane, as shown in Fig. 2(a). This
type of residue has the drawback of not being invariant to 3D rotations. Therefore, we
introduced the orthogonal opening residue defined in the following (where “©” denotes
the operation of erosion):

@ (b)
Fig. 2. (8) the parallel residue and (b) the orthogonal residue

Definition 1. Orthogonal Opening Residue:

Consider a range data point (Xo, Yo, |(Xo, Yo)) € R®. Let Do = { (X', y', [IOKI(X, ¥) | (X,
y') € disk(r), where disk(r) is a disk of radius r, centered at (Xo, Vo), in the x-y plane).
The closest eroded point of (Xo, Yo, 1(Xo, Yo)) is defined to be the paoint in (Xo, Yo, 1(Xo, o))
that is closest to (Xo, Yo, (X0, Yo))- Let d(Xo, Yo) be the distance from (Xo, Yo, (X0, Yo)) tO
its closest eroded point (x, y, [I©K] (%, ¥)). Then, the orthogona opening residue is de-
fined to be %[1, K] (X0, Yo) = d(Xo, Yo) — T

For simplicity of explanation, a 2D geometric illustration for the definition of the
orthogona opening residue is given in Fig. 3, athough this paper actually deals with
range data in 3D space. In the 2D illustration, disk(r) degenerates to a line segment of
length 2r. The terms d(Xo, Yo)and %[l, K] (X0, Yo) become d(X;) and #[l, K](Xo), and the
3D points (Xo, Yo, 1(Xo, Yo)) and (x, y, [IOK](x, y)) become 2D points (Xo, (X)) and (X,
[1eK] (X)), respectively. For example, Fig. 4(b) shows the orthogonal opening residue of
a range image of a cube-shaped object. An important property of the orthogonal open-
ing residue isthat, it is rotation-invariant and hence is suitable to be applied for 3D object
recognition.

2.2.2 Skeleton of high-variation region

Definition 2. High-Variation Region:

A high-variation region H is defined as a set of 3D data points with large values of or-
thogonal opening residue, i.e., H = {(Xo, Yo, | (X0, Yo)) € R*| to %[l, K| (X0, Yo) > T} (Where
T isathreshold).
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Fig. 3. 2D geometric interpretation of the orthogonal opening residue.

Definition 3. HV-Skeleton:

Let H be the set of al 3D data range data points contained in the high-variation region.
The HV-skeleton of H is defined to be the set S={(x, y, [IK] (x, ¥)) € R®| (x, y, [|©K]
(%, y)) isthe closest eroded point of (x, Y, [(X,y)), and (X, Y, I(X, y)) € H}.

For simplicity, the HV-skeleton is directly applied for 3D object recognition without
further classification in this paper. It is obvious that the HV-skeleton is also rota
tion-invariant.  Intuitively, those regions which can not be filled by the spherical S.E.
are treated as high-variation regions, and all the centers of the spherical S.E.s associated
with a high-variation region constitute the HV-skeleton of that high-variation region.
Fig. 4(c) shows the HV-skeleton of a range image of a cube-shaped object. Other ex-
amples of HV-skeletons can be found in Figs. 11-15. From these figures, it is easy to
see that our feature extraction method is quite stable and can extract salient features for
noisy range images in a simple and efficient way. The number of data points contained
in the extracted features is considerably reduced compared to the original data set. In
the following section, the extracted HV-skeletons will be used for object recognition.

3. GEOMETRIC HASHING FOR 3D OBJECT RECOGNITION

In this paper, the skeletons of high-variation regions are used as feature primitives.
To deal with the partial-occlusion problem, the skeletons are viewed as a set of 3D points,
and then GH is used to recognize 3D objects. GH is a general technique for
model-based recognition which can be divided into two phases. the preprocessing (or
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(b) (©
Fig. 4. () A range image of a cube displayed using a shading technique. (b) The orthogonal open-
ing residue. The larger the intensity value is, the larger the intensity value is, the larger is the
orthogonal residue. (c) The skeleton of the high-variation region (the HV-skeleton).

learning) phase and the recognition phase. In the preprocessing phase, a hashing table
is established, which stores useful knowledge about the invariant coordinate information
of the model objects. In the recognition phase, the established hashing table can then be
used for hypotheses generation and invariant matching. In the following, the preproc-
essing phase will be described in Section 3.1, and the recognition phase will be described
in Section 3.2.

3.1 The Preprocessing Phase

In our case, the transformation classis 3D rotation and 3D trandlation, which can be
fully determined by three point-to-point correspondences. Hence, three points are
needed to establish a single basis of a coordinate system.  Given three points, po, p1, P2,
which are not collinear, the coordinate system with respect to the basis (po, p1, p2) is es-
tablished as follows: Let py be the origin.  Let the x axis be in the direction of p;— po
and the z axis be in the direction of (p;— po) X (P2— Po), Where “x” is the outer product.
The y axis is then defined as —x x z.  In order to obtain robust coordinate systems, the
point set {po, p1, P2} should not be selected as a basis if either the three points are nearly
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collinear, or if any two of them are too close to each other. The configuration of the
established coordinate system is shown in Fig. 5.

Fig. 5. The coordinate system established with respect to an ordered non-collinear triplet (po, p1,
p2).

In the preprocessing phase, invariant information contained in the models is ex-
tracted and stored in a hashing table. Bases are formed for all the feasible ordered trip-
lets. A coordinate system is established on each basis as described above, and the coor-
dinates of all the other model points are computed in terms of this coordinate system.
These coordinates can then be stored in a hashing table, in each of which we record a
hash element (object, basis). The detailed procedure of the preprocessing phase is de-
scribed asfollows:

Procedure Preprocessing:
For each model object M and for each of itsfeasible basis b, do
Step 1. Compute the coordinates of al the other points of the model in terms of
the basisb.

Step 2. Use the computed coordinates to index the hashing table entries.

Step 3. Add ahash element (M, b) in the hashing table entriesindexed from Step 2.
After preprocessing, a hashing table is established, which can then be applied in the sub-
sequent recognition phase. Notice that in the recognition phase, it is usualy required
that similar coordinates be put in the same or neighboring memory locations for possible
retrieval since scene images may be corrupted by noise. To achieve this purpose, the
hashing function used in this paper is the identity / scaled one which is similar to the one
usedin[12]. Thatis, if apoint hasa3D coordinate (X, y, Z) with respect to agiven basis,
then the corresponding pair (object, basis) will be linked in the memory location
(X ¥ 2). Thevauew isreferred to as the width of the hash cube, as shown in Fig. 6.

w'w'w

A

~w]

-

X
Fig. 6. Structure of the hashing table used in this paper.
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This kind of hashing table can also be viewed as an associative or a content addressable
memory, where three values of the basis triplets are directly used to retrieve the memory
location.

To increase the processing speed and to reduce the required storage, a multiscale
signal processing scheme is applied. 1n our method, two scales of data sets are used
during the processing. One is the original HV-skeletons, which are referred to as
fine-scaledata. Another is a uniform subsampled version of the HV-skeletons, which is
referred to as coarse-scale data. Fig. 7 shows an example of the fine-scale and the
coarse-scale datain our processing. An advantage of using a two-scale approach is that
it can increase the processing speed in the preprocessing stage since the number of data
points involved in computation can be reduced significantly. Another advantage is that
the number of the hash elements which need to be stored in the hashing table can also be
decreased. The sampling is performed uniformly in the 3D space with a period t, along
each axis. A useful criterion for selecting the sampling period isto choose t, to be equal
to w, so as to avoid recording redundant information in the same hash cube. A magjor
problem with this approach is that the induced 3D-transformation will be less accurate
because the sampling positions of the model objects and of the scene may not be the
same. In our approach, this problem can be solved in the verification stage of the rec-
ognition phase by using a refinement process to find the best matched basis triangle in
the neighborhood.

e - -

SR T A e L

e e

L e T T

@ (b)

Fig. 7. (@ The origina fine-scale HV-skeleton data obtained from the range image of a
cross-shaped object. (b) The subsampled coarse-scale data of (a).

3.2 The Recognition Phase

The recognition phase of GH can be explained as a model-based recognition scheme
as shown in Fig. 1. Two major tasks in Fig. 1 are hypotheses generation and verifica
tion, which will be introduced in Sections 3.2.1 and 3.2.2, respectively.
3.2.1 Hypotheses gener ation

In the recognition phase, the skeleton data obtained from the scene are also subsam-

pled with a sampling period t, = rt, (0<r <1). That is, the skeleton data of the scene
to be recognized are subsampled more densely than are those for building the hashing
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table. In the beginning, an arbitrary ordered triplet is chosen from the scene image and
forms a basis b as shown in Fig. 8(a). The coordinates of all the remaining points are
then computed in terms of this basis b, as shown in Fig. 8(b). These coordinates are
used as entries to retrieve information from the hashing table, and one vote is given to all
the hash elements (object, basis) at the entry indexed by its coordinates (see Fig. 8(c)).
Finally, pairs (object, basis) with high scores are then selected as possible hypotheses and
are sent to the verification module (Fig. 8(d)). Hence, in the recognition phase, the
hashing table serves as the knowledgebase for possible generation of hypotheses, where
the invariant coordinate information of the model objects has been stored in the preproc-
ng phase.

A good local constraint is used to increase the recognition performance in this paper.
From the above description, it can be observed that GH tends to utilize the information of
spatial relationship among the model objects. Basically, good local constraints can in-
crease both accuracy and the speed of matching by removing irrelevant hypotheses.
Instead of using local characteristic contained in the neighborhood of the feature point,
this paper exploits the basis-similarity constraint. Two bases (X, Y, 2) and (X', Y, Z) are
similar if the length differences of the corresponding edges of their two basis triangles
are al smaller than a given threshold. That is, xy—X'y'<T, yz-y'zZ<T, and
Xz—X'Z'<T,where T isathreshold, as shown in Fig. 9. This constraint is used in the
voting stage.  Pairs (object, basis) whose bases are not similar to the scene basis should
not be counted in the voting stage. Using this constraint, the number of spurious hy-
potheses can be reduced.

from Middle Level
Processing

;|

NO hypotheses gener ation
Tothe YES mﬂi‘;ﬂ?&?ﬁ _|Compgta1ion of Featre | [Basis |<_
Verificatio<_n vote exit? for (object, basis) paird Coordinatesin Given Basis| | Selection|

Module

L Hashing Table
generated in the preprocessing phase

H(coordinates)=(object,basis)

Fig. 8. The block diagram of the hypotheses generation in the recognition phase.

Rl

&l

Fig. 9. The basis-similarity constraint.
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3.2.2 Verification

In the verification stage, each of the generated hypotheses is examined through a
more detailed procedure. Since a basis of a hypothesis is obtained from coarse-scale
data, a refinement procedure is needed to find more accurate results.  Given a hypothe-
sized basis b, a search is performed in the fine-scale data within the neighborhood of
each point of b to find the most similar triangle with respect to b. The most similar
triangle is defined as the least error triangle, where the error is computed by summing up
the absolute difference values of the three corresponding edge pairs. This triangle can
then be viewed as a more accurate basis and is used in the subsequent processing. The
block diagram of the verification module is described in Fig. 10. In Fig. 10(a), each
possible pair (object, basis) generated from the hypotheses generation module is used to
find a unique 3D rigid-body transformation (rotation and translation) which transforms
the object to the basis.  This transformation can be determined based solely on the cor-
respondence of the object basis and the scene basis. However, to increase accuracy, the
transformation is usually determined by exploiting all the corresponding skeleton point
pairs in a least-square manner. In this paper, the least square error transformation is
computed using the corresponding skeleton point pairs between the model and the scene
by means of Arun’s method. The range image of the hypothesized object is then trans-
formed and compared with the range image of the scene to verify whether the hypothesis
is correct or not, as shown in Fig. 10(b). If the overlapping region is larger than a given
threshold, then the object can be treated as matched, and the data corresponding to it
should be removed from the scene, as shown in Fig. 10(c). Otherwise, we shall go back
to the hypotheses generation module.  The verification procedure will continue until the
remaining data in the scene image are few enough, or until no feasible basis exists.

Verification
Remove Compare the Model Range Find the Tnduced 3D Hypotheses
corresponding | e {Image against the Scene || Rigid-Body (model bases)
F—| datafrom the Range Image Transformation
Scene @
© ] (b
WRON(
Origina Range Images

Go Baclg to Hypotheses of I\?Io del Objg - g
Generation

Fig. 10. The block diagram of the verification module in the recognition phase.
3.3 Relation Between Geometric Hashing and the RANSAC Paradigm

In the above, the major steps for applying GH to 3D object recognition have been
described. In this section, the relation between the GH technique and the RANSAC
paradigm [10] is discussed. RANSAC was proposed as a general robust estimation
method for surface or model fitting. Robust estimation means that model fitting is not
influenced by outliers (gross errors). For range image processing applications, the
RANSAC technique has been adopted to segment range images into quadratic surface
patches [26]. To avoid problems caused by outliers, the key concept of the RANSAC
approach is to use the random sampling scheme. Assume a model that requires a
minimum of k points to uniquely determine its free parameters. The agorithm begins
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by randomly selecting a set of k points in the observed data set and then constructs a
model M based on these k points. All other points in the data set which can be de-
scribed by using the model M, within some error tolerance, are then collected as a con-
sensus set. I, after a predetermined number of trials, no consensus set with enough
members is found, we can either fit the model with the largest consensus set found, or
terminate as afailure.

In the GH approach, if the random selection scheme is used for the basis choice step
(Fig. 8(a)), GH can be viewed as a generalization of the RANSAC approach. In the
RANSAC scheme, the model is usually represented as a parametric form such as a col-
lection of quadratic surfaces or spline functions.  On the other hand, the model informa-
tion is stored in a well-organized structure of a hashing table in the GH approach. The
GH approach tries to find the consensus set in avoting stage.  If there are too many out-
liersin the data set, both RANSAC and GH will fail to find the correct solutions. In the
GH approach, a necessary criterion for having a successful trial in the recognition phase
is that the selected triplet should belong to a model object. Assume there are m feature
points in a scene range image, in which totally gm (here g < 1 is referred to as the object
ratio) points come from a model object M (i.e., the outlier ratio of M is1-g). Then, the
probability of randomly selecting a basis (po, p1, p2) such that not al pi (i = 1, 2, 3) are
contained in M is equal to (1-g°). Hence, the probability of not choosing a valid model
triplet in n trials can then be computed as (1-g°)".  Although similar analysis has also be
given in [16], our emphasisis on analysis from a RANSAC point of view. Table 1 lists
the number of trials which need to be iterated so as to make the probability of fail to
match smaller than 1.0% (i.e., (1- g°)" < 0.01). From this table, it can be observed that
if the outlier ratio is equal to one half, then the correct model object has a 99% chance to
being selected in 35 trials. However, if the outlier ratio is too large (0.9), then about
4600 trials are needed.  As a consequence, it is important for the RANSAC approach to
keep the object ratio larger than a given threshold. A reasonable number of maximal
iteration steps should be given in the precedence. In our work, the object ratio is set to
be 0.2, which leads to a maximal iteration number of about 600. That is, if the portion
that the object data occupies in the scene is not larger enough (< 20%), then the system
will probably give up on recognizing this object after 600 trials.

Table 1. Number of trials needed to make the probability of “fail-to-match”
smaller than 1%.

umber of trials which need to be iterated
Object ratio g Outlier ratio1—-q |0 as to make the probability of fal to
atch smaller than 1.0%
0.50 0.5 35
0.45 0.55 49
0.40 0. 60 70
0.35 0.65 106
0.30 0.70 169
0.25 0.75 293
0.20 0.80 574
0.15 0.85 1363
0.10 0.90 4603
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4. EXPERIMENTAL RESULTS

To verify the method developed in this paper, five objects are used to build a data-
base for the following experiments. Figs. 11(a)-15(a) show the five abjects (a cylinder,
a dodecahedron, a model-head, a cross-shaped object, and a sculpture-head) used. The
range images of the five objects are displayed with wire-frame models in Figs.
11(b)-15(b). The computer generated images of the range data are shown in Figs.
11(c)-15(c) using the standard phong shading technique [11]. Each of these range im-
ages contains about 10000 to 40000 3D data points, and all range images are stored in the
database for the use of verification. After feature extraction using mathematical
morphology, the number of the extracted skeleton points were considerably reduced.
Figs. 11(d)-15(d) show the extracted skeletons of high-variation regions. The number
of the skeleton points of the five objects (a cylinder, a dodecahedron, a model-head, a
cross-shaped object, and a sculpture-head) are 77, 462, 119, 290, and 313, respectively.
In the preprocessing phase, these subsampled skeleton points were sequentially used to
construct a hashing table, as described in Section 3.1. In our work, the identity / scale

(© (d)

Fig. 11. A cylinder contained in the database: (a) An intensity image of this object. (b) A wire-frame
display of the range image of this object. (c) A computer-generated image of (b) obtained
by using the Phong shading technique. (d) The extracted HV-skeletons.
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(© (d

Fig. 12. A dodecahedron contained in the database: (a) An intensity image of this object. (b) A
wire-frame display of the range image of this object. (¢) A computer-generated image of (b)
obtained by using the Phong shading technique. (d) The extracted HV-skeletons.

hashing function was used as explained in Section 3.1.  To reduce the space complexity
and also to avoid recording multiple invariant coordinates from the same local region,
data points contained in the HV-skeleton were uniformly subsampled where the sampling
period was egual to the width of the hash cube, w = 10 (mm). After subsampling, the
number of the remained skeleton points were 10, 48, 17, 39, and 44, respectively. The
value r introduced in Section 3.2.1 was selected to be 0.5 in our work; that is, the sub-
sampled skeleton data for the scene was twice as dense as that for the model objects.
The hash table built in our experiment contains 100 x 100 x 100 (i.e., one Mega) entries.
Hence, the range of the coordinate values which can be handled in the hash table was 10
% 100 = 1000 (mm).

In the recognition phase, several scene images were used to test the effectiveness of
the proposed recognition scheme.  Each scene range image contained a few objects such
that these objects could be trandlated, rotated, and partially occluded in the 3D space.
Scene 1 contained two geometric objects whose poses are different from those in Fig.
12(c) and 14(c) as shown in Fig. 16(a). The extracted HV-skeletons are shown in Fig.
16(b). After 7 iterations of feasible basis selection, the dodecahedron was first recog
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()
Fig. 13. A model-head contained in the database: (a) An intensity image of this object. (b) A
wire-frame display of the range image of this object. (¢) A computer-generated image of (b)
obtained by using the Phong shading technique. (d) The extracted HV-skeletons.

nized, and the matched object was then transformed for comparison with the scene.  Fig.
16(c) shows the portion of the transformed model range image which was close enough
to the scene data.  Later, after 12 trials of feasible basis selection, the cross-shaped ob-
ject was also recognized, as shown in Fig. 16(d). Fig. 17(a) shows another scene which
contained three objects. The first object was recognized after 96 trials and is shown in
Fig. 17(c). The second object and the third one were recognized after 221 and 229 tridls,
and are shown in Figs. 17(d) and 17(e), respectively. In Fig. 18(a), two human faces are
contained in asingle rangeimage.  Using the recognition scheme proposed in this paper,
the object could be correctly recognized as shown in Figs. 18(c) and 18(d). The recog-
nition process takes about 20 minutes in Sun SPARC 10 workstation.  Although the
objects contained in range images are all separated in the experiments, our method can be
used for the case that the objects are touched because that the RANSAC principle can
deal with the problem of partial matching.

Noticethat in Fig. 17 (c) and Fig. 18(d), the matched objects are only portions of the
existing object data in the scenes. This is because the estimated 3D rigid-body trans-
formation obtained from GH was dightly different from the true one due to noise.
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Fig. 14. A cross-shaped contained in the database: (@) An intensity image of this object. (b) A
wire-frame display of the range image of this object. (c) A computer-generated image of
(b) obtained by using the Phong shading technique. (d) The extracted HV-skeletons.

Since only the skeleton data were involved in this computation, the induced transforma-
tion wasusualy acoarseone. To improve the accuracy of the computed transformation,
finer registration has to be performed, which uses not only the skeleton data, but also the
origina range images. In fact, the obtained coarse transformation can be used as an
initial guess of the iterative-refinement procedures [3, 7] to find a better registration. In
this study, only a coarse transformation was estimated in our experiment. In the future,
we shall use iterative-refinement procedures to find a better transformation between the

transformed model image and the scene image.
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(cl (d)

Fig. 15. A sculpture-head contained in the database: (a) An intensity image of this object. (b) A
wire-frame display of the range image of this object. (c) A computer-generated image of (b)
obtained by using the Phong shading technique. (d) The extracted HV-skeletons.

5. CONCLUSIONSAND DISCUSSION

In this paper, we have proposed a new integrated approach for model-based object
recognition using range images. This approach combines the morphological feature
extraction and the geometric hashing techniques to solve the 3D object recognition prob-
lem. The M.M. technique is inherently good for dealing with shapes of signals; hence,
it is extremely useful for range images processing. However, less work has been done
before on applying M.M. to range image. In this work, we have successfully applied
the morphological technique in a ssimple and efficient way to extract invariant salient
features, i.e., skeletons of high-variation regions, from a range image. Using the ex-
tracted invariant skeletons, we have also successfully applied the geometric hashing
technique to recognize 3D occluded objects. The matching efficiency has been
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Fig. 16. (a) The shaded range image of scene 1 which contains a dodecahedron and a cross-shaped
object. (b) The HV-skeletons extracted from the range image shown in (a). (c) The first
recognized object (after 7 trials of feasible basis selection). (d) The second recognized ob-
ject (after 12 trials).

significantly improved by using a basis-similarity constraint. The relationship between
the GH technique and the RANSAC paradigm has been pointed out and discussed, which
gives a useful guideline for determining the maximal iteration number in basis selection.
Experimental results have demonstrated that the proposed method has great potential for
model-based object recognition using range images. The 3D object recognition method
developed in this paper can be used for many applications in computer vision such as
locating a 3D object from arbitrary camera positions, registering and integrating range
images from different view points [6], and tracking a specific object in a dynamic envi-
ronment. In the future, we will integrate the proposed method into the active binocular
vision system that we are developing.
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Fig. 17. (8) The shaded range image of scene 2. (b) The HV-skeletons extracted from the range
image shown in (). (c) The first recognized object (after 96 trials of feasible basis selec-
tion). (d) The second recognized object (after 221 trials). (€) The third recognized object
(after 229 trials).

(e)
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(d

Fig. 18. (a) The shaded range image of scene 3. (b) The HV-skeletons extracted from the range
image shown in (8). (c) The first recognized object (after 78 trials of feasible basis selec-
tion). (d) The second recognized object (after 95 trials).
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