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Abstract

Range image segmentation is an essential building
block in many computer vision systems. This paper presents
a method for automatic segmentation of range images using
scan lines. Local approximation of each scan line is used to
reliably detect position discontinuities as well as noise pix-
els. A model for the detection of orientation discontinuities
that is capable of capturing weak discontinuities without
producing false edges at high curvature regions is also
presented. The different image regions are then identified
using an adaptive grouping process and approximated by
appropriate surfaces. Experimental results on real range
images demonstrate the robustness and efficiency of the
method.

Keywords— Range images, segmentation, edge detec-
tion, edge models, scan lines.

1 Introduction

Range images have been widely used in computer vision
systems in recent years. Their use has been prompted by
the availability of fast, accurate, reliable, and economical
Tange sensors. A range image is an array of pixels in which
each pixel value encodes the depth or the distance of a point
on a visible scene surface to the sensor. The pixel values
directly approximate the three dimensional shape of the ob-
Jects in a scene. Thus, range images are more suited to 3D
scene analysis tasks than intensity images. Image segmen-
tation is considered to be the highest domain-independent
processing stage in a computer vision system. Tt constitutes
an essential building block in many vision applications such
@ reverse engineering, object recognition, and automated
assembly and inspection.

Range image segmentation can be defined as the pro-
eess of partitioning an image into subsets of connected im-
age regions, such that each subset corresponds to a mean-
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ingful surface portion in the scene and is represented by an
appropriate geometric primitives. There are three types of
edges in range images. Jump and fold edges signify position
and orientation discontinuities, respectively. Smooth edges
signify discontinuities in surface curvature. Segmentation
techniques can be broadly classified as either edge-based or
region-based depending on whether they emphasize the de-
tection of surface discontinuities or the detection of smooth
surface regions, respectively [1].

Edge-based segmentation techniques usually suffer from
the inevitable fragmentation of edges and the need for effi-
cient postprocessing, e.g. edge linking and gap filling, in or-
der to obtain a complete segmentation. However, they pos-
sess relatively simple control structures compared to region-
based techniques, and they tend to locate regions boundaries
more precisely. Examples of such techniques have been re-
ported in [2-5]. On the other hand, region-based techniques
always produce closed regions. However, they typically suf-
fer from the possibility of over or under-segmentation, dis-
tortion of region boundaries, the need for a good criterion
for merging and splitting adjacent regions, and/or the sen-
sitivity to the choice of the initial seed regions, e.g., [6],
and [7]. Also, they possess complex control structures, are
typically iterative, and are generally much slower than edge-
based techniques.

Since the problems of detecting surface discontinuities
and homogeneous surface regions are in fact complemen-
tary, combining both techniques can potentially produce bet-
ter results. Lejeune and Ferrie [8] have proposed to use a
feature map as input along with a surface segmentation cal-
culated using curvature scale space. The final set of surface
regions that are most consistent with input features is then
determined using a relaxation labelling algorithm. Fitzgib-
bon ez al [9] developed a region-based technique that is pre-
ceded by edge detection, in the form of thresholding of the
difference in depth values, in order to estimate surface cur-
vature reliably. While this method has demonstrated very
good segmentation results according 1o a recent compari-
son [10], it overlooks the fact that thresholding is not suffi-



cient (consider, for example, pixels on a surface with a high
slope). A more robust curvature estimation method using
tensor voting has been proposed in [11].

Segmentation techniques that utilize scan lines ex-
hibit high-speed performance and allow parallel processing.
Moreover, recent implementations have presented promis-
ing results. In [12] and [13], region-based techniques that
use scan lines are proposed, however, they are limited to
polyhedral objects. Jiang and Bunke [5] presented an edge
detection method based on scan lines. They approximate
each scan line by a quadratic function using its midpoint
and two end points. The pixel that exhibits maximum fit er-
ror is labelled an edge candidate and the scan line is split at
that location. This process is repeated until the fit error at
all pixels is less than a certain threshold. Edge candidates
are then examined to remove false edges. Unfortunately,
this technique has two main disadvantages: (a) poor edge
localization, since the splitting algorithm is not precise for
noisy images and it provides no intuitive geometric relation-
ship between the true edge location and the location where
the lines are split, and (b) over-segmentation due to using
a quadratic function, since curves or surfaces of order 4 at
least are required to accurately represent natural quadrics
such as spheres and cylinders [14].

This paper presents an efficient method for automatic
segmentation of range images. A novel edge-based segmen-
tation method based on local approximation of scan lines
that is capable of overcoming both shortcomings of [5] is
introduced. The method calculates the best local approxi-
mating function to the scan lines at each image pixel. These
functions are first used to identify noise pixels. They are also
employed, in conjunction with the jump edge model used by
Jiang and Bunke [5], to identify jump edges. Then, a fold
edge model capable of capturing weak folds without pro-
ducing false edges at high curvature regions is introduced.
In order to close the contour gaps that may be present in the
resulting set of edge, an adaptive pixel grouping process [15]
is used. Finally, a complete segmentation is achieved by cor-
recting instances of over and under-segmentation.

The rest of this paper is organized as follows. Section
2 introduces the different edge models and describes the
edge-based segmentation. Section 3 describes the adaptive
pixel grouping process and how a complete segmentation is
achieved. Experimental results are presented in section 4.
Summary and conclusion are given in section 5.

2 Edge Detection Using Local
Approximation of Scan Lines

Consider a dense range image regularly sampled in both
the z and y directions, i.e., orthographic. Each row or col-
umn in the image represents a vertical section of the scanned
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object surface. Thus the pixels in each scan plane constitute
a digital piece-wise smooth curve, i.e., a scan line. Local
approximation of scan lines is accomplished as follows. At
each image pixel, X;, in a scan line, the best approximat-
ing quadric in a neighborhood of N pixels, N being odd,
is calculated by considering the N possible sets of pixels
containing x;, i.e.,

{XJ]:Z—FI\,-—(N—l),,L-{—I»} 1)

where k = 0,1,..., (N — 1) and ¢ is the index of X in
the scan line. There is a tradeoff in the choice of the value of
N. It should be set small enough to insure fast processing,
and allow correct representation of small regions but not too
small that noise pixels cannot be identified. In the current
implementation, the value of N is set through training as
will be shown in section 4.

This technique overcomes the disadvantages of [5] men-
tioned above, as follows. It allows better approximation at
and near jump and fold edges, and thus, edges can be local-
ized precisely. Also, the use of quadrics here will not re-
sult in an over-segmentation, since only small local regions
are considered. If higher order or piece-wise functions, €.g.
splines, were used, they would follow the data points very
closely. This would be reasonable if the measurements were
reliable, or noise-free, which is not the case in most of the
available range sensors.

2.1 Detection of Noise Pixels

Range images are typically corrupted by different types
of noise. Spike noise results in isolated image pixels with
range values remarkably different than their surrounding.
There are also some instances where a sensor is unable to
make a range measurement (usually the range value is set
to zero). Moreover, the range measurements are sometimes
valid, but there is insufficient information to discern separa-
tion of surfaces [10], such cases may occur due to surfaces
almost parallel to the scanning direction giving rise to one
or two pixel wide regions. Finally, there is quantization and
measurement noise which add a small tractable error ran-
domly at each image pixel. This type of noise can be esti-
mated by finding the best-fitting plane to a scanned surface
known to be planar. The standard deviation, o of the error
of fit indicates the severity of the noise. In the following,
the first three types will be referred to collectively as noise
pixels.

Noise pixels are identified using the technique of local
approximation of scan lines, equation (1), as follows. Typ-
ically, one or more of the N sets will produce a maximum
fitting error comparable to o. However, for noise pixels, the
fitting error of all sets will exceed o and hence they can be
identified.
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Figure 1: Illustration of the jump edge detection model.

22 Detection of Jump and Fold Edges

Now that a good local approximation of the surface at
each pixel has been calculated, the precise definition of jump
edge strength given by Jiang and Bunke [5], shown in fig-
ure 1, can be used as follows. Let X; and x; 1 be two ad-
jacent pixels, belonging to two curve segments f;(x;) and
fir1Xiy1), respectively. The discontinuity strength of a
Jjump edge is defined as:

Sip = | fi(X) — fi11(X)]

where X = x"’ﬂ# If Sy is larger than a certain
threshold, both x; and x are labelled as jump edge pixels,
ie., each of them lies on the boundary of its corresponding
region. This threshold can be fixed for a certain sensor
using the maximum noise level and the sampling density
as will be explained in section 4. The edge model defined
above clearly alleviates the problems encountered with
simple thresholding.

Fold edges are usually detected by thresholding the dif-
ference in surface normals or the maximum curvature, This
definition is not always adequate. For example, in order to
capture a fold edge at the junction of two planes with a small
difference in surface normals, the threshold will be set too
low that pixels on a highly curved surface will be labeled
incorrectly as edges. Alternatively, if only pixels with very
- high curvature are considered to be fold edges, the pixels at
the junction of the two planes will be missed. To overcome
this problem, an appropriate model for fold edge detection
i§ introduced. Consider the scan line shown in figure 2a.
The surface normal components are calculated using local
approximation as explained above. For simplicity, the an-
gle between the curve tangent and the = axis at each pixel
is depicted instead, figure 2b. Note that the angle changes
telatively smoothly on each surface, however, at the point
where two surfaces meet (shown as *), the angle change is
large, i.¢., a jump discontinuity occurs. Thus, in order to de-
tect fold edges, the best local function that approximates the
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Figure 2: Illustration of the fold edge detection model.

surface normal components is calculated at each pixel in a
neighborhood of N pixels as before, say g;(x;). The strength
of a fold edge is calculated as:

Stoa = Igi(i) = gi+l(§)l

The fold strengths are then thresholded to detect fold
edges. It is clear that using this definition, the threshold
can be set low enough to capture weak fold edges without
producing false edges on curved surfaces. In order to use
the above model, the normals at, and in the vicinity, of fold
edges should be calculated with small error which is guar-
anteed by the local approximation method.

3 Complete Segmentation and
Surface Description

The output of the edge-based segmentation process is a
binary edge map. Typically, as with most edge detection
schemes, there will be gaps in region boundaries. In order
to fill those gaps, the adaptive pixel grouping technique pro-
posed in [15] is used. First, connected image regions are
identified. Then, a region test is performed for each region.
The region test is a surface fitting operation, where the test
is successful if the RM S fit error is lower than a certain
threshold, and the region size is larger than T,,. If a region
passes the region test, it is registered and added to the final
region map. Otherwise, the edges in that region are dilated
once in hope of closing an existing gap. This process is re-
peated until all regions pass the test. After that, edge pixels,
from edge detection and dilations, are assigned to existing
regions if the fit error is less than o. Adjacent regions are
examined to detect instances of over-segmentation, again us-
ing the region test.

Instances of under-segmentation may also occur. An
edge contour may not be detected due to low edge strength,
or the presence of a smooth edge. Also, if the scanned object



Table 1: Segmentation and performance evaluation parameters.

Segmentation parameters

Average performance parameters

N o Tiwp | Tt | Max. Image

# of Actual Perc. Itera- | Time
regions RMS >o* | tions' | (sec)

RMS size
[5]056° [ 156 J15° [ 025 [ 256x256

2925 | 015445 [ 057% [ 301 | 78 |

* Percentage of pixels with fit error > o.
¥ Number of iterations needed in adaptive grouping.
+ Sampling density.

Figure 3: Segmentation results of selected NRC images

exhibits complex free-form surface structure (e.g., a human
face), closed surface region may fail the region test due to
the limited surface types allowed. In this implementation,
this problem is treated by adding new regions to accommo-
date such cases as follows. A region growing process is
started at an unlabelled pixel and continued as long as the
new region passes the region test. The new region is then
registered. The above steps are repeated until all unlabelled
pixels are accounted for. This procedure, though it may not
always be able to recover the missed edges, it produces a
segmentation where image pixels are approximated by sur-
faces with a tolerable deviation.

In the current implementation, surface types allowed by
the region test include planes, spheres and biquartic patches.
Algorithms for fitting conventional quadrics such as cylin-
ders, cones, and tori [16] have also been implemented. How-
ever, since these techniques involve solving nonlinear least-
squares problems and thus increase the processing times re-
markably, the choice of including those surface types in the
region test can be made according to the application. Bi-
quartic patches are used because they are capable of accurate
representation of such natural qgadrics [14]. Tensor product
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B-splines are considered for future addition.

4 Experimental Results

The segmentation method presented in this paper has
been tested on 100 real range images obtained from the web
site of the VIT group at the Canadian National Research
Council (NRC). Figure 3 shows examples of the segmen-
tation results obtained using this method. The first row
shows the original images shaded such that the grey level
at each pixel is inversely proportional to the angle between
the surface normal and the positive z direction. The sec-
ond row shows the final segmentation. Table 1 summarizes
the segmentation parameters used by the method as well as
the average performance evaluation parameters. The results
demonstrate the efficiency of the method in terms of:

o Fast processing.

e Accurate surface representation, since the actual RMS
fit error is much smaller than o.



o The percentage of pixels where the fit error exceeds o
is very small (less than 1%).

The segmentation parameters were determined through
training using 10 images. Only very few training runs
were needed since the segmentation parameters have a di-
rect physical interpretation. Moreover, The segmentation
process is not very sensitive to the choice Ty and Ty, since
edge detection is followed by gap filling, false ed ge removal,
and treating over- and under-segmentation. The segmenta-
tion method does not detect curvature discontinuties. How-
ever, the edge information in the segmented images can be
used to find better estimates of surface curvature and can
thus facilitate the process smooth edge detection.

The surface representations allowed in the region test
can, in principle, include a very wide variety of surface fam-
ilies. Intuitively, such surface types should be chosen such
that they can represent a wide variety of objects. The lim-
iting factor is that these surfaces should be approximated
within a reasonable cost, i.e., computational complexity,
which varies from one application to another. For example,
including NURBS patches may allow the representation of
very complex sculptured surfaces. However, fitting NURBS
patches to regions with general-shaped boundaries is com-
putationally expensive. The surface types used in the region
test to generate the above results are planes, spheres, and
biquartic patches. T}, was set to 25.

S Summary and Conclusion

This paper has presented a method for automatic seg-
mentation of range images. The method is based on local
approximation of scan lines. Adequate models have been
introduced to identify the different types of edges. Adaptive
pixel grouping has been used to fill boundary gaps and find
a geometric representation for the different surfaces. The
method was tested on a large number of images. The re-
ported results demonstrated the efficiency of the method in
terms of fast processing and accurate surface representation.
They also show the robustness of the method since it is ca-
pable of identifying noise pixels as well as treating over- and
under-segmentation.
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