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Abstract-Most
conventional
range image segmentation
algorithms could be classified as either surfacebased or edge-based depending on whether they extract the parameters
of the surface or the surface discontinuities.
Thus the processes of extracting the surface parameters
and the surface discontinuities
are
treated as distinct from each other. In this paper we show that the synergetic combination
of both
surface- and edge-based segmentation
processes can lead to more accurate segmentation
results than just
either of them alone. A segmentation
algorithm is proposed which integrates edge and surface information
in order to come up with a high-level description of a scene given a range image. Although the segmentation
technique at this time is limited to polyhedral objects, it can be extended to include objects with parametric
curved surfaces of quadratic order such as cones, cylinders and spheres that lead to parametric
curves of
discontinuity
that are conic sections such as circles, ellipses and parabolas.
Range image processing

Range image segmentation

1. INTRODUCTION

The problem of three-dimensional
(3D) object recognition is one of both theoretical and practical interest. On the theoretical side, it presents several aspects
which are representative of other problems in 3D scene
interpretation. On the practical side, it is of potential
use in a wide range of applications such as automated
visual inspection of industrial parts, autonomous
navigation, computer-aided medical tomography, etc.
With the recent advances in range sensing technology
resulting in fast, accurate and economical range sensors, the problem of 3D object recognition from range
images has acquired special importance. Since depth
data are directly available in range images, the problem
of 3D object recognition is considerably simplified.
Extracting depth information from intensity images on
the other hand entails the use of shape-from-XYZ
techniques such as shape-from-stereo, shape-fromshading, etc., which are inherently underconstrained
and need to make restrictive assumptions about the
scene.
Segmentation of the range image is the first and
perhaps the most critical step in the recognition of 3D
objects from range images. The range image by itself
is a two-dimensional (2D) array of pixels where each
pixel value conveys the depth at that pixel location.
Thus the range image by itself conveys very little semantic information about the objects in the scene. The
role of range image segmentation can therefore be
considered as coming up with a high-level semantic
description of the scene which would aid in the process
of recognizing the objects therein.
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Most of the range image segmentation techniques
to be found in the literature could be classified into two
major categories: (i) edge- or surface-discontinuitybased or (ii) surface- or region-based. Edge-based segmentation techniques try to detect edges or surface
discontinuities in the range image. Region-based segmentation techniques, on the other hand, try to detect
regions in the range image that correspond to continuous surfaces. Since the segmentation process needs
to detect and identify both, surface discontinuities and
continuous surfaces, the roles of edge-based and regionbased segmentation techniques can be deemed as complementary.
The two edge types most often encountered in range
imagery are step (jump) edges and roof (crease) edges.
A step edge indicates a discontinuity in depth whereas
a roof edge indicates a discontinuity in surface normal.
Step edges can be detected using the operators developed for intensity images such as the gradient operator,
Sobel operator, Prewitt operator, etc. Detecting roof
edges in range images requires specialized operators that are not usually used for intensity images.
Inokuchi et al.“) examine a ring of pixels centered at
an image point of interest and classify the point as
jump edge, convex roof edge, concave roof edge, or
non-edge point, by examining the Fourier spectrum of
the depth values in that ring. The ring of values is
treated as a 1D periodic signal. The detector however,
was tested only on synthetic range data and the edge
detection process was computationally
expensive since
the FFT had to be computed for each image pixel.
Mitiche and Aggarwal c2)developed a statistical test for
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crease edges. At a range image pixel of interest, several
partitionings of its neighborhood are considered. The
partitioning process splits a neighborhood into halfneighborhoods and a planar surface fit is computed for
each half-neighborhood. Under appropriate assumptions, the difference in slope between two planes can
serve as a test statistic. Thresholds on the statistic
produce a decision procedure that can be applied at
each range pixel, resulting in edge or no-edge labeling
of the image. Fan et al. (3) detect surface discontinuities
by determining the location and magnitude of the zero
crossings of the Gaussian curvature and extrema of the
principal curvature. The zero crossings are grouped
into curves and these curves are classified into different
classes which correspond to significant physical properties such as jump (step) boundaries, folds (roof
boundaries) and ridge lines. Jump boundaries and
folds are used to segment the surface into surface
patches and a simple surface is fitted to each patch to
reconstruct the original object. One of the primary
drawbacks of edge-based segmentation techniques is
the inevitable fragmentation of the edges. If the edges
are fragmented or discontinuous, they must be linked
using a heuristic technique. For this reason, edgebased segmentation techniques have proved to be less
popular than region-based segmentation techniques.
Region-based techniques are typically based on two
criteria: (i) homogeneity of surface curvature and (ii)
pixel connectivity in the image domain. Besl and Jaint4)
describe range surfaces based on the mean and Gaussian curvature computed at each point in the range
image. The signs of the mean and Gaussian curvature
(HK sign map) are used to classify each range pixel as
one of eight qualitative surface types: peak, pit, ridge,
saddle ridge, saddle valley, planar, minimal and valley.
A region growing algorithm is used to segment the
range image surface into homogeneous surface patches
based on the HK sign map. Hoffman and Jainc5) segment the range surface into surface patches which are
labeled as convex, concave or planar. The range image
is segmented into surface patches by a square error
criterion clustering algorithm using surface points and
associated surface normals. Non-parametric statistical
tests for trend, curvature values and eigenvalue analysis
are used to classify the underlying surface. Boundaries
between adjacent surface patches are classihed as crease
or non-crease edges. Vemuri and Aggarwal(@ classify
each range image pixel based on the principal curvature
values into one of live qualitative surface types: planar,
parabolic, elliptic, hyperbolic an umbilic. Haralick
eta/.“) classify each range image pixel as one of six
qualitative surface types: peak, pit, ridge, ravine, saddle, flat and hillside. Flynn and Jai@) describe a surface classification scheme based on the quadric surface
model. A sample of surface points is classified as planar
or non-planar through two hypothesis tests. If the
sample is non-planar, curvature features are evaluated
at each point to classify the sample as spherical, cylindrical or conical. A non-linear optimization technique
is used to refine the parameters of the surface type.

Flynn and Jain”) have also carried out an empirical
study of live different surface curvature estimation techniques for synthetic and real range images. Analytical
methods based on orthogonal polynomial approximation, linear regression with a biquadratic surface
and spline-based surface approximation and numerical
methods based on surface normal change and directional curvature from numerical estimates of directional surface derivatives were tested on real and
synthetic images. It was empirically discovered that
both analytical and numerical methods performed as
accurately. The estimated curvature was found extremely sensitive to range quantization noise and the
window size over which the estimates are determined.
The approaches mentioned above have treated the
problem of detecting surface discontinuities and homogeneous surface regions as distinct from each other.
More recently, Yokoya and Levine(‘O) have described
a segmentation approach that combines edge- and
surface-based segmentation techniques. In their approach, the local curvature values (mean and Gaussian
curvature) at a pixel are computed based on a selective
local biquadratic surface tit. A region-based segmentation is carried out based on the HK sign map. The
range image is divided into homogeneous surface primitives based on the values of the mean and Gaussian
curvature such that a region does not contain discontinuities in depth or surface orientation. Two additional initial edge-based segmentations are also computed from the partial derivatives and the depth maps,
i.e. the jump- and roof-edge maps. The three image
maps are then combined to produce a final segmentation. Jain and Nadabar” ‘) describe a Markov Random
Field (MRF) model based segmentation technique that
integrates both region- and edge-based segmentation.
The problem of edge detection is treated as a site
labeling problem using the MRF model. Each site is
classified into a small number of classes based on an
observed value (or vector) at each site. The desired
labeling is the true image and the goal is to recover the
true image from an observed noisy image. Edge detection is thus treated as a Bayesian estimation problem.
Statistics and likelihood ratios for the jump edges and
roof edges are computed. Clique functions are defined
to incorporate constraints such as smoothness and
proximity. The Highest Confidence First (HCF) algorithm is used as an approximation to derive the maximum a posteriori (MAP) estimate for the a posteriori
distribution of edge labels. A region-based segmentation is carried out independently of the edge labeling.
The boundary between any two regions in the regionbased segmented image is considered. The ratio of the
number of pixels on the boundary (within localization
accuracy) marked as edge sites by the MRF labeling
to the total number of pixels on the boundary is computed. If the ratio is below a predefined threshold, the
regions are merged. Experimental results on real range
data are shown to give good results.
The approach followed in this paper is different from
the segmentation schemes in references (10, 11). In our
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approach,

the synergy between the processes

of detect-

ing surface discontinuities and surface regions has
been exploited by using the geometrical properties of
the detected surface regions. Homogeneous surface
regions are extracted using a combination of clustering
in parameter space and region growing. It has been
our experience that the parameters of a surface region
in a range image can be computed more reliably than
edge detection using a local operator. Since the process
of computation of surface parameters involves averaging over several pixel values, it is more robust to noise
than a local edge operator. In the proposed scheme,
therefore, the geometric parameters of the surface
regions are used to hypothesize the presence of a surface
discontinuity and accurately compute its parametric
form. The presence of the surface discontinuity in the
image is used to confirm the hypothesis whereas its
absence is used as a cue to merge the appropriate
clusters. The hypothesis verification process thus needs
to incorporate the projection geometry as an a priori
constraint. The step discontinuities are identified and
localized via a constraint propagation technique using
the roof discontinuities and the parameters of the
homogeneous surface regions as a starting point. The
result is a segmented range image with the surface

regions and the surface discontinuities identified with
their underlying parameters computed. The proposed
technique requires that the surface regions have a
parametric representation which is true of most surface
types encountered when dealing with industrial parts.
The surface discontinuities in such cases also have
parametric representations and so do the projection
of these surface discontinuities on the image plane.
Although the segmentation technique at this time is
limited to polyhedral objects, it can be extended to
include objects with parametric curved surfaces of
quadratic order such as conical, cylindrical and spherical surfaces that lead to parametric curves of discontinuity that are conic sections such as circles, ellipses
and parabolas.
2. OUTLINE OF THE SEGMENTATION TECHNIQUE

The proposed segmentation technique is outlined in
the flowchart shown in Fig. 1. The major components
of the segmentation scheme could be described as: (i)
plane fitting to the pixel data; (ii) clustering in the
parameter domain; (iii) region growing (iv) contour
detection and classification; (v) roof edge detection and
initial vertex assignments; (vi) verification using pro-
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kxs.4 Space
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Roof Edges by
Projection
4

Vertex Refinement

Contour Detection

Fig. 1. Flowchart of the proposed segmentation technique.

S. M. BHANDARIUR
and A. SIEBERT

950

jection resulting in the possible merger of clusters; (vii)
refinement of vertex values; (viii) step edge detection
using Hough clustering; (ix) refinement of vertex values
resulting in the fmal segmented image. Each of these
components are described in the following subsections.
2.1. Planefitting to pixel data
Rosenfeld and Kak(“) discuss a plane-fitting technique to lit a plane z = kx + ly + m to four pixel values
f(x,Y), f(x + l,Y), f(x,Y + 1) and f(x + 1,Y + 1) such
that the quadratic error is minimized. The values of k, 1
and m for such a minimum quadratic error lit are given
by
k = +C(f(x + 1,~) +f(x + 1,~ + 1))
-(f(%Y)+f(x,Y+l))l
I= $Uf(x, Y + 1) +f(x + 1, Y + 1))
- U-(x, h) + f(x + 1, Y))l
m = +C3f(x, Y)+ f(x + 1, Y)+f(x, Y + 1)
-f(x+l,y+l)]-xk-yl.

(1)

If the plane is written in the notation ax + by + cz +
d =0, the parameters a, b, c and d are related to the
parameters k, 1 and m by the equations a = k, b = 1,c =
- 1, and d = m where (a, 6, c) is the normal vector to the
plane, and d the distance of the plane from the origin.
The parameters are normalized such that [(a, b, c)l = 1.
The results of the plane fitting can be improved by
averaging the values of a, b, c and d over the four 2 x 2
quadrants that include f(x, y) as shown in Fig. 2.

1. Select an initial partition with K cluster centers.
2. Generate a new partition by assigning each point
to its closest cluster center.
3. Compute new cluster centers as the centroids of
the clusters.
4. Repeat steps 2 and 3 a fixed number of times.
5. Adjust the number of clusters by merging or removing clusters.
The number of seed points K for the initial partition
has to be chosen. These points can be selected randomly from the image data. However, better results
are obtained if the seed points are spread over the
range in parameter space where the cluster centers
could possibly lie. In our case, the maximum and minimum values for d are computed from the image data
whereas the maximum and minimum values for rl and
p are known a priori. The number of seed points K
(and therefore the maximum number of clusters), is
chosen such that it is always larger than the maximum
number of visible planes in the scene. This prevents the
planes from being improperly merged due to unavailability of the requisite number of cluster centers. The
assignment of each point to a cluster center requires
the definition of a distance measure. Many useful
distance measures are conceivable.(‘4) In our case, a
weighted square-distance measure was used. If (9, p, d)
is a cluster point in parameter space and (~9, pO,d,) a
cluster center then the distance between the two in
parameter space is defined as
D = (d - do)’ + l+‘i(d,,, - d&(V - ~0)
+ Ii’&,,,, - L”)(p - ~0)~

(2)

2.2. Clustering in parameter space
The parameters of the best fitting plane at a pixel
location could be alternatively written as (q,p,d) where
a=sinqcosp,b=sinqsinp
and c=cosq where 01
r~< a and 01p <2x. Planar facets in the image are
located by grouping pixels with similar values for
(q, p, d), i.e. clustering in the parameter space (Q p, d).
The clustering algorithm used is an iterative algorithm
with a fixed number of cluster centers that minimizes the squared error. (13) The algorithm can be outlined as:

Y-1

Y

Y+l

X-l

x

X

x+1

Fig. 2. Plane fitting in four quadrants.

where IV, and W, are weights to account for the scaling
problem and d,,, and dminthe maximum and minimum
values ford in the image, respectively. Since there is no
general solution to the scaling problem (i.e. the problem
of adjusting the weights of different variables in the
distance measure so as to obtain the best result at the
end of the clustering process) the weights are so
chosen that all the variables are of the same order of
magnitude.
The required number of iterations of the clustering
algorithm can be made to depend on a certain halting
criterion. However, endless oscillations could occur if
the criterion is not met. Since the algorithm converges
fast, it was easier to limit the number of iterations to
a fixed, small number, typically 5 or 6. At the end of
the iteration process, the number of clusters K is typically larger than the number of planar facets in the
image. Some cluster centers may not contain any points
at all and could be eliminated immediately. Some
planes may be improperly divided into two clusters.
Typically, such clusters are spatially adjacent and are
merged if they meet the merging criterion. Again,
several useful merging criteria are conceivable. The
one used by us uses a different threshold for each
cluster variable. If (ql,pl,d,) is the center of the first
cluster and (a2, p2, d,) the center of the second cluster,
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then the merging criterion is given by

IP~-P~I<R,~~~~-IIP~--~I<R~

(3)

where D,,, H, and R, are appropriately chosen constants. Small clusters are considered unlikely to represent actual planes. Rather these are considered to
represent noise or edge points between planes. Such
clusters are typically introduced by the averaging
process during the computation of surface normals.
Characteristically,
these small clusters cannot be
merged with either one of the neighboring clusters
since the distance in parameter space between the
cluster centers is too large. Since these clusters are not
of direct use, they are dissolved by merging each pixel
of such a cluster with the cluster of a neighboring pixel
assuming that the neighboring pixel belongs to a
different cluster. If no such neighboring pixel exists, the
pixel is arbitrarily assigned to any other cluster. The
smoothing process that is described next can take care
of such pixels.
2.3. Post processing of clustering results
The range images in our possession have certain
pixels marked as invalid pixels. These pixels represent
points in the image where the range sensor was unable
to compute the depth accurately. With this in view, the
quality of the range image obtained so far is determined
by three factors: (i) there could be invalid pixels surrounded by valid pixels; (ii) there could be single pixels
from one cluster which happen to lie within other
clusters; (iii) there could be a ragged line between the
clusters as a result of the preceding dissolving process.
These problems can be solved by smoothing the clusters
in the image domain with masks of the size N x N
(typically 7 x 7). The mask is applied to every pixel p
in the image. The number of valid points and the
number of members ofeach cluster in the mask centered
around pixel p are counted. The pixel p is assigned to
the cluster with the highest number of members in the
mask if there is a sufficiently high number of valid
points within the mask. Ties are broken arbitrarily.
When an invalid pixel p is made valid using the smoothing technique, the data for the new valid pixel p is
obtained by averaging over the data of other valid
pixels in the mask belonging to the same cluster to
which the p has been assigned. The smoothing process
could be repeated, but more than two iterations were
usually not required. Applying masks is computationally expensive. The computational effort is directly
proportional to the number of iterations and the size
of the mask. At the end of the smoothing process there
could exist clusters containing pixels belonging to distinct non-contiguous planar facets that have the same
parameters. These clusters are split into spatially connected components using a region-growing algorithm.
During the process of smoothing and region-growing
the cluster centers are recomputed taking into con-

sideration all reassignments of pixels to clusters. The
cluster centers represent the average (r~,p, d) values of
all points that belong to that cluster. The averaging
process is known to suppress noise thereby enabling
us to recover the parameters of the plane with high
accuracy.
2.4. Contour extraction and classification
The pixels constituting the contour lines of each
plane can be extracted using a simple scan line algorithm. For each cluster and for each row in the image,
the pixels which denote the intersection of a cluster
with a scan line are considered as pixels on the contour
line as shown in Fig. 3. The scan is repeated vertically,
i.e. for each column in the image. New contour line
pixels are added during the vertical scan if they are
different from the ones already extracted by the horizontal scan. Necessarily, the contour lines are only one
pixel thick and closed. The contour lines of convex as
well as concave objects are correctly identified. This
contour extraction algorithm does not need any sophisticated edge detection operator, thresholding or thinning procedure since it profits from the previous
processing done to extract the planes in a rather direct
and straightforward manner. Contour pixels can be
also classified as step (jump) or roof(crease) edge pixels
by using a simple gradient edge operator along the X
and Y directions, centered on the contour pixel. The
response of step edge pixels to a gradient operator is
typically much greater than that of a roof edge pixel.
The thresholded output of the gradient edge detector
enables us to distinguish step edge pixels from roof
edge pixels. It is to be noted however, that the edge
operator is not used to compute the edge parameters
such as length, direction vector, etc. but only for classification. The edge parameters are computed far more
accurately using the parameters of the planar facets
already extracted.
2.5. Computation of edge parameters
Given the contour pixels, the computation of edge
parameters (i.e. endpoints, length and direction vector)
is divided into two parts. First, the roof edge parameters
are computed since they are computable with a high
degree of accuracy. Second, the parameters for the step
edges are determined using a Hough clustering algo-

y -scan line

Fig. 3. Scan line algorithm

for contour

detection.
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rithm coupled with a constraint propagation algorithm
which propagates the values of the parameters of the
roof edges and planar facets.
2.5.1. Computation of roof edge parameters. For all
pairs of non-parallel planes, the direction vector of the
line of intersection can be predicted from the parameters of the plane, i.e. it is the cross product of the
normal vectors of the two planes. However, the predicted line might not be found in the given image since
we are dealing with finite facets, and not with infinite
planes. Therefore, we consider only non-parallel planes
that have clusters which are spatially contiguous. Two
clusters are considered spatially contiguous if their
contour pixels are next to each other and have been
labeled as roof edge pixels as shown in Fig. 4. It is
possible, however, for two clusters to have contour
pixels that are adjacent but have the corresponding
contour pixels labeled as step edge pixels as shown in
Fig. 5. We do not consider such clusters to be spatially
contiguous.
To check whether the predicted line of intersection
really exists in the image, the line is projected on the
X-Y plane using the knowledge of the projection geometry (orthographic, perspective, affine, etc.) as an
a priori constraint. In this paper, the projection is assumed to be orthographic but the approach is general
enough to incorporate other types of projection geometries. If the projected line has a slope of less than
45” then a pixel (x, y) on the projected line is checked

A. SIEBERT

for edge pixels from spatially contiguous clusters at
locations (x, y) and (x,y + 1) or locations (x, y) and
(x, y - 1). If the projected line has a slope of greater
than 45” then a pixel (x,y) on the projected line is
checked for edge pixels from spatially contiguous clusters at locations (x, y) and (x - 1, y) or locations (x, y)
and (x + 1, y). The hypothesis verification thus assumes
a localization accuracy tolerance of &-1 pixel. It is
possible, however, to incorporate any prespecitied
tolerance. If the projected line does not satisfy the
above conditions then the image is assumed to be
oversegmented. This forms a cue for merging the corresponding clusters as shown in the flowchart in Fig.
1. If the projected line does satisfy the conditions mentioned above then during the process of checking the
neighborhood of the pixels that lie on the projected
line, the x- and y-coordinates of the extremal points
on the projected line are retained. The z-coordinate is
determined from the equations of the planar facet.
These (x, y, z) values are preliminary values for the end
points of the edges and the vertices of the object.
2.52. Vertex refinement for roof edges. The initial
values of the vertices computed in the previous subsection are not always accurate. To refine the values of
the vertices, the following approach was taken:
1. Three non-parallel planes define a point of intersection if their corresponding clusters, considered pairwise, are spatially contiguous. If the equations of the
planes are six + biy + ciz + di = 0 where 1 I i I 3, then
the point of intersection can be computed by solving
the three plane equations for x, y and z. Since each pair
of the above planes has a common roof edge, the value
of the computed vertex replaces the value of one of the
endpoints of each of the roof edges as shown in Fig. 6.
2. At the end of step 1 most roof edges would have
one vertex accurately determined using the technique
described in step 1. The other vertex would have a
less accurate value as determined by the neighborhood
checking procedure described in the previous subsection. If one vertex (xi, y,, zi) and the direction vector
of the edge (d,,d,,d,) are accurately known then the
value of the less accurate vertex can be refined by
constraining it to lie on the line defined by the first
vertex and the direction vector. If the second vertex

Fig. 4. Neighboring contour lines caused by roof edges.
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has a value (x,, y,, zz) then we compute the parameter
v to be the average of (xz - x1)/d, and (yz - y,)/d,. The
refined value of the second vertex is then computed as
(x1 + vd,,yi + v&z, + vd,).
2.5.3. Computation of step edge parameters. Contour
pixels labeled as step edge pixels are considered for a
2D Hough clustering procedure.” ‘) The 2D projection
on the X-Y plane of a 3D edge is a 2D line represented
by the equation r = x cos 0 + y sin 0 where r is the distance of the line from the origin and 19the angle between
the normal to the line and the x-axis. Thus the direction
vector of the 2D line is p = (sin 0, - cos 0,O).An iterative
Hough clustering technique based on histogramming
in the (r,0) accumulator array is used. Whenever a
peak in the accumulator array is detected, the corresponding contour pixels are traced using a line tracing
algorithm. The response of these pixels for subsequent
iterations of the algorithm is selectively suppressed.
The accumulator array is reset at the beginning of
every iteration and when the peak value in the array
falls below a threshold the process is terminated. For
pixels that correspond to a peak in the accumulator
array, above the specified threshold the line tracing
algorithm outputs the extremal pixels which are retained as the endpoints of the edge. Since the edge is
in 3D space whereas the line is a 2D projection, the
z-coordinate of the extremal points is computed by
constraining the points to lie on the corresponding
plane. If the equation of the plane is ax + by + cz +
d = 0 then the z-coordinate of a point (x, y) on the 2D
orthographic projection of the edge is given by z =
- (l/c)(ax + by + d). Since the normal to the plane is
n = (PI,, n,,, n,) = (a, b, c), the direction vector of the edge
d = (d,, d,, d,) is determined by the set of equations
d, = sin 0
d,=

-cost?

d.n = 0.

(4)

The coordinates for the endpoints as computed above
serve as the initial estimates for the corresponding
vertices.
2.5.4. Vertex refinement for step edges. In order to
reline the coordinate values of a vertex for a step edge
we define a proximity function between the given vertex
and a previously computed (and refined) vertex. The
proximity function decides if the two vertices are proximate enough to be deemed identical. If (xl,y,,zl)
and (x,, y,,z,) are the vertices under consideration,
we deem them identical if IxZ--xl 1CD,, ly,-y,l<D,
and Iz2 - z1I < D, where D,, D, and D, are appropriately chosen thresholds.
Whenever the vertices of a step edge are refined we
impose two constraints: (i) the refined vertices should
be collinear with the direction vector d of the edge and
(ii) the vertices must satisfy the equation(s) of the plane(s)
to which the edge belongs. We consider three cases for
vertex refinement for step edges. The basic underlying

principle in each of these cases is to compute the new
vertices as the points of intersection of two lines whenever possible. If v1 = (x,, y,, zl) and vz = (x,, y,, z2) are
the vertices derived from step edges and d = (d,, d,, d,)
is the direction vector of the edge as determined in
equations (4) then the three different cases to be considered are:
1. Neither of the two vertices is close to any previously computed and refined vertex. In this case we
let v = (x2 - x,)/d,. The refined vertices of the edge are
v, = (x,,y,,z,) and vz =(x1 + vd,,y, + vd,,z, + vd,).
2. One of the vertices is proximate to a previously
computed and relined vertex v0 = (x,, y,, zO).Let v, be
proximate to v,, and let va not be proximate to any
previously computed and refined vertex. In this case
we deal with two subcases:
(a) The degree of vertex v0 is 1, i.e. there is only one
edge incident on vertex vO. Let vg = (x,, y,, ZJ be the
other vertex of that edge. As shown in Fig. 7, a new
vertex vb is computed which is the intersection of the
edge (v,, v,,) and the edge (v,, vZ). Let c = (c,, c,, c,) be
the direction vector in the direction of edge (vJ,vO).
The coordinates of vb = (XL,yb, zb) are determined as
follows. Since
xb = x2 + p,d,
= x3 +

P2Cx

and
Y; = YZ+ p,d,
=

Y3 +

PZCY

therefore
x2 +

/4x

=

x3 +

~2cx

(5)

~2 +

d,

=

~3 +

~zc,.

(5)

Solving equations (5) and (6) for p1 and p2 yields
the values XL and yb. The value of zb is determined
from the equation of the corresponding plane. Thus
the vertex vb replaces the vertices v0 and v1 in the
corresponding edges.
(b) The degree of vertex v,, is greater than 1. In this
case v0 is already computed as the intersection of
edges. In this case v,, replaces vI in the edge (vl,v2).
If d = (d,, d,, d,) is the direction vector of edge (vl, v2),
then the coordinates of v2 are updated to (x,, + vd,,
y, + vd,, z,, + vd,) where v = (x2 - x,)/d,.

v2
.

d

Vl
----

vo
7

‘\

’ vo

c

\
Fig. 7. Vertex refinement for step edges.

v3

954

S. M. BHANDARKAR

3. Both the vertices v1 and v2 are proximate to
previously computed and relined vertices vj and vqr
respectively. In this case there are three subcases to be
considered:
(a) v3 and vq are both of degree 1. In this subcase
both the vertices vj and vq are modified as described in
2(a). An edge joining the modified vertices is created.
The edge (v,, v2) is deleted.
(b) One of the vertices say vj is of degree greater
than 1 and the other vq is of degree 1. In this case vj is
left unchanged and vq is modified as discussed in 2(a).
An edge joining vj and the modified value of vq is
created. The edge (v,,v,) is deleted.
(c) Both vj and v., are of degree greater than 1. In
this case both vj and vq are left unchanged. A new edge
(v,, vq) is created. The edge (v,, v2) is deleted.

and A. SIEBERT
high-leveldescriptionof thepolyhedralobject(s)in the
scenein termsof theirfacets,edgesand vertices(junctions) along with their underlyingparameters-for a
facetit is theequationof theplane containingthefacet,
for an edge it is theendpoints,thedirectionvectorand
its length and for a vertex it is the coordinate values

along the X-, Y- and Z-axes.

3. EXPERIMENTALRESULTS

The proposed segmentation scheme was implemented in C on a SUN SPARCStationl. The pseudo-code
description of the algorithm is given in Fig. 8. The
output of the program was a data structure OBJECT
which contained the high-level description of the object?
i.e. the parameters for the facets, edges and vertices. An
instance of OBJECT was created for each range image.
In the approach outlined above, a modified vertex
vb might be significantly away from v,, if the two edges The program was tested on 20 range images that contained one or two objects out of a set of live different
intersecting at vb form an acute angle, say, less than
polyhedral objects. In Figs 9-l 1, the depth-coded in20”. In such cases it is preferable to keep v0 rather than
modify it. For most objects that we have considered in tensity images of three of the 20 range images are
our database however,the assumptionthat two edges shown. In these images, the pixel depth (z value) is
coded directly as a pixel intensity value in the range
of a facetincidenton a common vertexdo not form an
O-255. These range images are block1 -1, gmblk3-I and
acuteangle less than 20”is a reasonableone.
The final output of the segmentationscheme is a jumblel3, respectively. In Figs 12-14 the reflectance

ALGORITHMFeature Extraction
INPUT : Contour line of each facet
OUTPUT: High level description
of scene
in data structure
OBJECT
/* roof edge detection
*/
FOR all pairs
(Pi F,) of facets in the scene
IF (Pi F,) are not parallel
compute line of intersection
IF contour line points of F, touch
contour line points of F, AND
the touching points lie close to
the computed line of intersection
add computed line of intersection
to OBJECT
determine endpoints of the new edge
IF endpoints don’t exist yet
add endpoints to OBJECT
FOR all triples
(F, F, Fr) of facets
IF (Pi F,) and (Pi Fk) and (F, F,.) each have
a common line of intersection
in the scene
compute point of intersection
vi,*
approximations
add vilk to OBJECT, replacing
of vij* from above
/* step edge detection
*/
FOR all facets
FOR all contour points that are not part of roof edges
REPEAT
extract an edge using Hough clustering
add new edge to OBJECT
IF an endpoint v,, of the new edge
is close to an existing
vertex void
modify void to be the point of intersection
between the new edge and the existing
edge
ELSE
add v_ to OBJECT
UNTIL no more edges can be extracted
IF the edges of a facet don’t form a closed line
join closest vertices lacking an edge by a new edge
add new edge to OBJECT
Fig.8. Pseudo-code
description
of segmentation
algorithm.

Range image segmentation
images corresponding to the images in Figs 9-11, respectively, are shown. The reflectance image is computed
by assigning an intensity value to a pixel proportional
to the scalar product of the surface normal at that pixel
and the presumed illumination direction (i.e. Lambertian reflectance model). The corresponding segmented
images are shown in Figs 15-17. The experimental
results for blockl-1 are summarized in Tables l-4.
Similar results have been obtained for the other images.
It was observed that the clustering in the (v,p,d)
parameter space in order to detect planar facets could
be done reliably in both single object and multiple
object scenes. It was possible for facets belonging to
different objects to be put into the same cluster but
only if the facets were adjacent in the scene and also
proximate in the parameter space. However, this was
observed in the case of only one of the 20 images. A
range image of poor quality could result in pixels
belonging to the same facet being put into different
clusters. However, most clusters of such nature would
be merged by the cluster merging process. It was also
observed that the application of masks to smooth the
clusters blurs the contour lines only insignificantly.
The blurs are noticeable only near corner regions

Fig. 9. Range image of blockl-1
PR 259-E
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(vertices) of the objects. However, since the positions
of the vertices were determined by computing the intersections of the corresponding edges and planes, the
blurring did not affect the accuracy of the vertex parameters. The accuracy of the parameters of the planar
surfaces can be estimated by observing the angles between the surface normals of different planes and comparing them with their corresponding values in the
CAD/CAM mode1 of the object. The average error of
the angles between the surface normals turned out to
be 1.8” and the maximum error 3.4”. The equation of
the plane could be determined accurately even if the
planar facet was partially occluded. The average error
of the angles between the edges of a planar facet was
3.1” and the maximum error 11.4”. One problem that
was encountered while carrying out Hough clustering
for detection of 2D line segments in the image was that
the line segments corresponding to a single peak at
times would not always be contiguous. The line-tracing
algorithm had to be designed to take care of this
contingency. The thresholds D,, D, and D, in the
proximity function had to be carefully chosen. If the
thresholds D,, D, and D, are chosen to be too small,
spurious vertices and edges would be added to OBJECT

as a depth coded intensity

image
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Fig. 10. Range image of grnblk3-1 as a depth coded intensity image.
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Range image segmentation

Fig. 11. Range image of jumble13

as a depth coded intensity

image.
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Fig. 12. Range image of blockl-1 as a reflectance image.

Range image segmentation

Fig. 13. Range image of grnblk3-1

as a reflectance
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image.
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Fig. 14. Range image of jumble13 as a reflectance image.

Fig. 17. Segmented

Fig. 16. Segmented image of gmblk3-1.

image ofjumblel3.

whereas if they are too large, distinct edges would
collapse into a single edge.
In summary, the present approach works reliably in
scenes containing polyhedral objects. The proposed
segmentation scheme gives fairly good results for both
single object and multiple object scenes. The proposed
segmentation
technique need not be limited to poly-

Range image segmentation

Table 1. Parameters

of the planar

Parameters
Plane No.
0

b

(I
0.005189
- 0.843968
0.265081
-0.856155

1
2
3

Table 2. Angles between planar

surfaces in blockl-1

of the planar

c

0.537598
-0.417982
0.222623
-0.410288

surfaces

961

d

0.843185
0.336168
0.938174
0.314107

Angle in
the scene

Angle in
the model

0, 1
0,2
0, 3
172
1, 3
2, 3

86.883522
24.201109
87.716850
89.92047 1
1so9995
88.647552

9oOOOOOO
23.360000
9o.OOOOOo
9oOOOoOO
o.OOOOOo
9o.OOOWO

Size in image

Size in model

8.093243
7.666332
7.248419
5.715756

8.250000
6.880000
7.49OOOo
6.880000

-0.332447
2.063020
-0.157352
0.519986

our technique to include objects with parametric
curved surfaces which have surface discontinuities with
an underlying parametric form. In particular, we intend
to extend our technique to include parametric surfaces
of quadratic order such as conical, cylindrical, spherical
and ellipsoidal surfaces which have surface discontinuities which are conic sections with an underlying
parametric form such as parabolas, ellipses and circles.

in blockl-l

Plane Nos.

surfaces

4. CONCLUSION

hedral objects alone. The fundamental principle behind
the proposed technique, i.e. using the surface parameters for accurate computation of surface discontinuity parameters and using the presence or absence of
a predicted surface discontinuity in the image to guide
and correct the process of extracting homogeneous
surface regions, could be applied to images containing
parametric curved surfaces as well. We intend to extend
Table 3. Parameters

Edge
No.

Vertices of
edge

0
1
2
3
4
5
6
7
8
9
10
11

Planes
containing
edge

of the edges in blockl-1
Direction

d,

0, 1
2, 3
0,4
3, 1
2, 0
L4
5, 6
4,6
0, 5
7, 8
2, 7
3, 8

0.533949
0.515221
- 0.466979
0.908978
0.916999
0.089587
0.436629
0.868064
0.861005
0.511594
0.019371
0.116008

Coordinates

Edge length

vector

Scene

d,

d,

0.452216
0.458502
-0.077088
-0.228061
-0.218443
0.856641
0.089062
-0.332707
-0.334242
0.403726
-0.759072
-0.657630

-0.714422
-0.724102
0.880902
0.348924
0.333760
0.508075
-0.895222
0.368471
0.383344
-0.758470
-0.650719
-0.744356

Table 4. Parameters

Vertex
No.

In this paper we have shown how the synergetic
combination of both surface- and edge-based segmentation processes can lead to more accurate segmentation results than just either of them alone. We have
proposed and implemented a segmentation algorithm
which integrates edge and surface information in order
to come up with a high-level description of a scene
given a range image. We have shown how the surface

Model

5.369142
5.306195
5.693678
1.329572
1.441199
2.321970
5.666374
1.353473
1.151453
5.215299
1.114514
0.841317

5.%0000
5.5OoOOO
5.990000
1.5OOOOO
1.5OOOOO
2.5OOOOO
5.990000
1.250000
1.250000
5.5oOOoO
1.250000
1.250000

of the vertices in blockl-1
Coordinates

in the scene

from the model

___
x
1.220963
- 1.645886
-0.100615
- 2.844743
- 1.437867
2.248172
-0.225931
-0.079026
-2.747144

Y
1.676250
5.512085
1.195235
5.051887
6.691821
2.133593
7.206257
0.470000
4.425648

Z
-0.725750
-3.153759
-0.410931
- 2.809201
- 1.164665
-0.973789
- 1.478446
- 1.256927
- 3.362476

X
1.277000
- 1.670000
0.011000
- 2.936000
- 1.657000
2.333000
- 0.602000
0.005000
- 2.943000

Y
1.762000
5.685000
1.087000
5.011000
7.029000
2.391000
7.591000
0.415000
4.339OcQ

Z
-0.737000
- 3.230000
- 0.299000
- 2.783000
-1.112000
- 0.996000
- 1.477000
- 1.353000
- 3.837000
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parameters can be used for accurate computation of
surface discontinuity parameters. Also, we have shown
how the presence or absence of a predicted surface discontinuity in the image can be used to guide and
correct the process of extracting homogeneous surface
regions in the range image. Experimental results on
real range images have brought out the advantages
of the proposed technique. Although the segmentation technique at this time is limited to polyhedral
objects, it can be extended to include objects with
curved surfaces of quadratic order such as cones,
cylinders and spheres that lead to curves of discontinuity that are conic sections such as circles, ellipses
and parabolas.
Acknowledgement-This research was partially supported by
a Faculty Research Grant from the University of Georgia
Research Foundation Inc., Athens, Georgia, U.S.A. The
authors also wish to thank the Pattern Recognition and
Image Processing Laboratory at Michigan State University,
East Lansing, Michigan, for range images from their range
image database.

REFERENCES
S. Inokuchi, T. Nita, F. Matsuda and’ Y. Sakurai, A
three-dimensional edge-region operator for range images,
Proc. 6th Int. Conj on Pattern Recognition,
(1982).

pp. 918-920

A. Mitiche and J. K. Aggarwal, Detection of edges using
range information, IEEE Trans. Pattern Analysis Mach.
Intell. S(2), 174- 178 (1983).

3. T. J. Fan, G. Medioni and R. Nevatia, Segmented descriptions of 3D surfaces, IEEE J. Robotics Automn 3(6),
527-538 (1987).
4. P. Besl and R. Jain, Segmentation through variable order
surface fitting, IEEE Trans. Pattern Analysis Mach. Intell.
10(2),167-192 (1988).
5. R. Hoffman and A. K. Jain, Segmentation and classification of range images, IEEE Trans. Pattern Analysis
Mach. lntell. 9(5), 608-620 (1987).
6. B. C. Vemuri and J. K. Aggarwal, Curvature-based representation of objects from range data, Image Vision

Computing 4(2), 107-114 (1986).
7. R. M. Haralick, L. T. Watson and T. J. LalTey,The topographic primal sketch, Int. J. Robotics Res. 2(l), 50-72
(1983).
8. P. J. Flynn and A. K. Jain, Surface classification: hypothesis testing and estimation, Proc. IEEE Conl: Computer
Vision and Pattern Recognition, pp. 261-267, june (1988).
9. P. J. Flvnn and A. K. Jain. On reliable curvature estimation, Proc. IEEE Conf: Computer Vision and Pattern

Recognition, pp. 110-116, June (1989).
10. N. Yokoya and M. D. Levine, Ranae image seementation baseh on differential geometryla
hybrid approach,
IEEE Trans. Pattern Analysis Mach. Intell. 11(6), 643-649
(1989).

11. A. K. Jain and S. 9. Nadabar, MRF model-based segmentation of range images, Proc. Int. Cant Computer
Vision, pp. 667-671, December (1990).
12. A. Rosenfeld and A. C. Kak, Digital Picture Processing.
Academic Press, New York (1982).
13. A. K. Jain and R. C. D&es, Algorithms for Clustering
Data. Prentice-Hall, Englewood Cliffs, New Jersey(1988).
14. J. T. Tou and R. C. Gonzalez, Pattern Recognition Principles. Addison-Wesley, Reading, Massachusetts (1974).
15. R. 0. Duda and P. E. Hart, Pattern Classification and
Scene Analysis. Wiley, New York (1972).

About the Author-SLJCHENDRA M. BHANDARKAR
received his B.Tech. in electrical engineering from
Indian Institute of Technology, Bombay, India, in 1983, and MS. and Ph.D. in computer engineering from
Syracuse University, Syracuse, New York, in 1985 and 1989, respectively. He is currently an Assistant
Professor in the Department of Computer Science at the University of Georgia, Athens, Georgia. He was
nominated University Fellow for the academic years 1986-87 and 1987-88. He is a member of the Institute
of Electrical and Electronic Engineers (IEEE), American Association of Artificial Intelligence (AAAI),
Association of Computing Machinery (ACM) and Society of Photo-Optical and Instrumentation Engineers
(SPIE). He is also a member of the honor societies Phi Kappa Phi and Phi Beta Delta. His research interests
includecomputer vision, pattern recognition, image processing, artificial intelligence and parallel algorithms
and architectures for computer vision and pattern recognition.

Author-ANDREAS
SIEBERTreceived his Vordiplom in computer science from University of
Erlangen-Nurnberg, Germany, in 1989, and MS. in artificial intelligence from the University of Georgia,
U.S.A., in 1991. He is currently pursuing a Ph.D. in computer science at the Technical University of Munich,
Germany. His current research interests are in image processing and blackboard systems.

About the

