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ABSTRACT

A technique for performing surface-based segmentation of range images using neural nets is introduced. In this
approach, multilayered neural nets are used to classify local image patches according to the type of surface they belong
to, based on features extracted from range and surface normal information. Central component to the efficiency and
robustness is a near orientational invariant local data organization which takes place before features are extracted.
This data organization reduces internd complexity by shifting the orientation invariance burden from the
dimensiondlity of the feature spaces and/or from the internal architecture of the networks, to a much smpler
sequencing of local data. The result isawell segmented image in which surfaces are properly labeled and delimited,
without over segmentation. The approach shows to be robust in front of noise.

1. INTRODUCTION

A computer vision system attempts to construct explicit, symbolic descriptions of the objects appearing in an
image. Since images are huge arrays of data, the process of building a symbolic description involves a series of
procedures, each one of them progressively giving amore abstract and meaningful representation to the data. One of
the first steps towards symbolic description is segmentation, whose objective is to identify image regions sharing
similar properties of interest. Accurate image segmentation is a fundamenta step in the development of a vision
system, asthe quality of the segmentation grestly affects the ultimate performance of the subsequent procedures.

Segmentation similarity criteriaare numerous and usualy tailored to the application at hand. In outdoor image
understanding, whereit isimportant to localize vegetation, roads, and the like, a common segmentation criterion is
similarity in color and texture? In images of assembly workcells, where the final god is the identification and
registration of objects, a criterion could be the similarity in parametric surface description, since surfaces normally
play an important role in model-based object recognition.® In this paper, we focus our attention on surface
segmentation of range images.

Two elements characterize a surface, geometry and shape. The geometry of asurfacevisiblein ascenerefersto
its boundary, while the shape refers to the actual modd of the surface. For instance, in a cube al surfaces have
rectangular geometry and planar shape. Normally, surface segmentation requires the geometry to be identified;
depending on the object recognition paradigm, shape estimation may or may not be necessary.

The boundary is the linked collection of the edges circumscribing a surface. In an image, an edge is composed
by the pixels at which two different surfaces come into contact, or at which a surface and the background interact.
Edges can beidentified either with edge detection operators or through region growing techniques.

Intuitively, the regions on either side of an edge have dissmilar characterigtics. The purpose of an edge
detection operator is to highlight and detect these differences acting upon small neighborhoods of pixels* For
example, edges can be detected by identifying those pixels whose gradient magnitudes are larger than a threshold.
Although significant work has been done in this area, edge detection continues to be a difficult task. It istypical to
get missed pixelsin an edge, which causes the boundary to break.



Theideabehind region growing isthat surfaces could beidentified by grouping together spatially closed pixels
that share similar intrinsic characteristics. Hence, if the different surfaces are identified, the pixels at which they
interact -the edges- can easily be detected. Multiple region growing agorithms have been reported in the literature.
In some of them, local invariant characterigtics, such as Gaussian or mean curvatures, are first obtained and adjacent
pixels with similar curvatures are grouped together and labeled as being part of the same surface.®® In others,
similarity in surface normalsis used as the criterion guiding pixel grouping.®’

Inherently, boundary detection by region growing is more robust than edge detection because surfacesinvolve
more pixels than edges. Nevertheless, these techniques present severa problems. Calculation of second order
derivatives prompts curvature estimates to be highly sensitive to noise and to the image discretization process
itself.8 Rigid thresholds to define similarity among surface normals make delimitation of non-planar surfaces very
difficult. Consequently, the result in these cases could be an overly segmented image.

In this research, an adaptive neural net technique to perform range data segmentation is introduced which
overcomes the problems associated with curvature estimates and rigid similarity thresholds. In this approach, neural
nets are trained to recognize trend characteristics of the range and surface normal information, and to identify
different surfaces types such as planar, spherical, cylindrical, etc. The result is a well segmented image in which
surfaces are properly labeled and delimited, without over segmentation. The approach is computationally efficient
and does not rely on the tuning of parameters. Central component to the efficiency and robustness is a near
orientationa invariant local data organization which takes place before features are extracted and presented to the
neural nets. This data organization reducesinterna complexity by shifting the burden of orientation invariance from
the dimensiondity of the feature spaces and/or the internad architecture of the networks, to a much smpler
sequencing of local data.

The remainder of this paper is organized as follows. In section 2, we present a very brief block diagram
description of the system’s organization. Detailed explanations of the individual procedures are given in section 3.
Results and discussion appear in section 4, with conclusions and recommendations for future work in section 5.

2. SYSTEM DESCRIPTION

A block diagram of the segmentation system appearsin Figure 1.
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FIGURE 1. Neura segmentation scheme.



Initially, the original range image undergoes a pre-processing procedure which includes noise filtering and surface
normal estimation at every pixel. The magnitude and direction cosines of the normals are then extracted to create four new
images. After this, small surface patches are defined, and the local data of every patch is organized in anear orientational
invariant fashion. Feature vectors are extracted from the reorgani zed data which are then presented to a pair of feedforward
multilayered neural nets. The output of the first net indicates whether or not the feature vector was taken from a patch
corresponding to an edge, while the output of the second net indicates the type of surface the patch belong to. Theresultis
an edge and surface based segmentation of the range image.

3. IMPLEMENTATION
3.1. Rangeimage

A rangeimageis afunction f(u,v), where u and v are the row and column in the image, respectively, and f(u,v)
is the range associated with the pixe (u,v). The triple (u,v,f(u,v)) can be converted into a world coordinate system
with an appropriate transformation function which depends on the ranging device used to collect the image.

The research reported in this paper is restricted to the segmentation of range images obtained, for example,
with a laser range finder. With this kind of sensor, the scene is scanned with a laser beam in incremental angular
steps; uand v are related with the vertical and horizontal angular deflections of the beam, respectively. For any pixel
(u,v), f(u,v) represents the distance between the sensor and the point in the scene on which the beam impinges.
Suppose that a Cartesian coordinate system is constructed at the sensor with the X and Y axes pointing in the
horizontal and vertical directions, and Z pointing towards the scene. In such a case, the Cartesian coordinates for
(uvf(u,v) will be given by (g(u,v,f(u,v)),h(u,vf(u,v)),f(u,v)), where g and h are transformation functions derived
from the sensor’s geometric parameters.

3.2. Surface normal estimation

Consider a surface parametrically described by
z="f(uv) 1)

where z denotes range, and u and v are two indexing variables. The normal to this surface at a point Py=(Ug,Vp) IS
given by

n=f, (u, v)‘POO +f, (U, v)\PO\?—k @

To calculate the surface normal at a pixel in arange image, the partial derivatives f, and f,, of (2) have to be
estimated based on the variation of range in the neighborhood of the pixel of interest. A number of techniques have
been proposed to approximate the partial derivatives. In some of these techniques, the derivatives are estimated
through weighted discrete differences encoded in templates, simple examples being the Kirsh and the Sobel
operators.!® Templates are atractive because they offer the advantage of very fast computation. However, the
discrete differences act as high-pass frequency filters over the image, producing a sensible loss of information.
Other techniques fit a plane to the data surrounding the pixel under consideration, and calculate the derivatives for
the plane’s equation.” This procedure has the contrary effect, acting as alow-passfilter over theimage. If the surface
curvatureislarge, the normal’s estimate degrade.

Instead of using templates or planar approximations, we explore a different approach in this research. To
estimate the normal at the pixe (u,v), asmall patch centered at (u,v) is defined and the Cartesian world coordinates
for every pixel in the patch are calculated. The result is a set Q={(X;,Y;,Z) | X;=9(u,,v,,f(u;,v)), Yi=h(u,,v,,f(u;,v)),
Z=f(u;,v;)} . Fourth-order Lagrange polynomias'! are then fit to the data along the u and v directions, as functions of



X and Y respectively. Partia derivatives are caculated from the profile polynomials to obtain f, and f,, and the
surface normdl is estimated according to (2).

One of the highly desirable characteristics of Lagrange polynomialsis the exact approximation of the function
a the sampling points. Consequently, over a moderately smooth surface the approximation will be more faithful
than planar approximations or template matching because low and high frequency variations can be accurately
modelled. Figure 2 shows afew representative results.
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FIGURE 2. Surface normal estimates. In each group, the upper left image corresponds to the original range
image. The normalsdirection cosinesaong the X, Y, and Z directions appear at the upper right, bottom left, and
bottom right, respectively. No estimates are calculated in the regions surrounding depth discontinuities.
Normal estimates for images of (a) a block with a blind hole, and (b) a block with a boss were obtained with
the proposed technique. Note how the normals of cylindrical and planar surfaces are well defined. For
comparison purposes, the corresponding estimates obtained using templates appear in (c) and (d). Thefiltering
effects of the template make the images dull.




3.3. Near orientation invariant data organization

The most important issue of surface based segmentation is the definition of arobust mapping function from theimage
datato the discrete set of possible surface shapes. From differential geometry, it isknown that surfaceswith the same shape
have the same mean and Gaussian curvatures, independent of viewpoint under orthographic projection.’? Consequently,
mean and Gaussian curvatures are two strong candidate features for defining the mapping function. There has been
substantial research on the segmentation and characterization of range surfaces using curvatures.®>'® However, the
estimation of curvature requiresthe cal culation of second order derivatives, atask that isvery sensitiveto the high frequency
noise introduced by the image discretization process.

Figure 3 presents an example of mean and Gaussian curvature estimation for a cube and a boss. It can be seen that
differentiating between the planar and cylindrical surfaces is difficult, since the difference in curvatures between both
surfacesis small. Thislow contrast makes necessary afine tuning of the thresholding processesthat classifies surfaceswith
different local shapes.®
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FIGURE 3. Mean and Gaussian curvatures for arange image. (a) A 12-bit representation range image;
(b) Corresponding mean curvature, and (c) Gaussian curvature images. Mean and Gaussian curvatures
were obtained using the procedure outlined by Besl.® Note how difficult it is to differentiate between
surface types.

The concept behind surface curvatureisthedirectional rate of change of the normals. The variation of the normals over
a patch of surface is indeed a signature of the surface’s shape. Since the normals are expressed with respect to a fixed
reference frame and the surfaces can have any orientation with respect to that frame, the signature is orientation dependent.
Given that no restrictions are imposed on the surface’s orientation, a mechanism to deal with orientation dependency is
necessary. In this research, we rely on neural nets to generate the orientation invariant mapping function.

Orientation invariance is a particular type of transformation invariance problem. Transformation invariance with
neural nets can be attained in four different ways: by architecture invariance, by exhaustive training, by feature invariance,
and by feature constraint.X Invariance by architecture is obtained by imposing a structure on the connectivity of the net
which forcesthe same output to occur whenever the input corresponds to atransformation of the same data. Extensive work
in this area has been done by van der Malsburg® and Fukushima.'® Conceptually, this is a straight forward approach to
invariance inspired on the mammalian visual path. Nevertheless, it has the serious disadvantage of poor scaling. Invariance
by training is obtained by presenting the net with a substantial number of training patternswhich virtually cover all possible
transformations of the data.l” Eventually, exhaustive training becomes computationally impractical. Invariance by feature
definition is obtained by selecting feature spaces which are themselves invariant to the transformations. This is a very
efficient approach, but requires robust, invariant features.® The concept of invariance by feature constraint has been
recently introduced by Barnard.™ In this approach, raw features are extracted from the data and afamily of constraintsis
imposed upon them to generate new features. These new features are invariant to the transformations.

We deal with orientation invariance in a way dlightly different from that proposed by Barnard.'* We attempt to
introduceinvariance directly at thelocal data organization level, such that the directions at which the normals are examined
in asurface patch remain near orientation invariant.



Supposethe surface type of asmall neighborhood of pixelshasto be estimated. To organizethelocal data, the gradient,
its perpendicular, and the normal vector are used to construct areference frame at the center of the patch. This construction
represents a compromise. Strictly speaking, an invariant frame would have to be constructed along the directions of
minimum and maximum curvature, but the computational cost of locating them is high. Furthermore, as it was mentioned
before, the second derivatives involved in the process would prompt noise sensitivity. After defining the frame, the angle
8 between the gradient and the horizontal is used to index an organization template. Local datais reorganized by applying
this template to the patch, as shown in Figure 4.
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FIGURE 4. Local data organization process.

For data organization purposes, a template has four branches, B1-B4, 45° apart from each other. Pixds are
sdlected in order, starting with those selected by B1 and ending with those by with B4. The center pixd isconsidered
to be part of al four branches. Two criteriacontrol the definition of the templates: first, the same number of pixelshas
to be selected on each one of itsfour branches with respect to the center pixel; and second, the selected pixels should
lay asfaithfully as possible aong the desired directions despite image discretization. The templates corresponding to
anglese falling in the first quadrant are shown in Figure 5. Only the templates for angles fdling in the first quadrant
need to be pre-calculated. For the remaining quadrantsthe only variation correspondsto the labeling of every branch,
asshown in Figure 6.
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FIGURE 6. Branches for an angle falling in (a) the first quadrant, and (b) the fourth quadrant. Branches
remain in the same directions but their 1abeling differs.

It should be emphasized that, since our preliminary experiments were conducted with a reduced number of
different surface types, the pattern of the templates is fairly simple. For more complex surfaces, these patterns
would have to include additional number of pixels.
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3.4. Feature extraction and neural net training

We have trained neural nets for edge recognition and for surface type labeling. The 1200 training patterns were
extracted from several synthetic images of planar, cylindrical, and spherical surfaces. Unlikereal data, theseimages did not
include any noise, i.e. were exact in 3-D spatial coordinates.

For edge detection, the features emphasi ze changesin normal directions and range. They include the variance of each
direction cosine, the variance in range, and the rate of change of the direction cosines per unit of length. For surface type
classification, the features emphasi ze the trends of range and normals. They include the variances along each branch for the
magnitude of the normal and the direction cosines; the variances along each branch for the range; and the rate of change of
the normal magnitude and direction cosines magnitude per unit of length. Every feature was linearly normalized; the
maximum allowed value was 0.9 and the minimum 0.1.

4. RESULTS

We have tested the neural nets with a number of synthetic range images. The images are 256x256 pixels, with 12 bit
representation, and have been corrupted with an additive gaussian noise of 4 gray levels; they simulate arange finder with
amaximum valid range of 1.0 m., and a 60°x60° field of view. Two representative segmentation examples are shown in
Figure 7.
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FIGURE 7. Segmentation results. In each set, the left, middle and right images correspond to the range,
neural edge segmented, and neural surface segmented images, respectively. (a) Segmentation of ablock with
athrough dlot; (b) segmentation of a block with a boss.

Note how all the edges present in the image, including creases, are properly detected by the neural net. The surface
types are also detected. It is interesting to see that in the surface segmentation, the crease edges are normally classified as
being part of acylindrical surface. This occurs because of the smoothing effects introduced by the Lagrange polynomials
at and near the edges. These smoothing effects make the region look like a cylinder with asmall radius.



In an object recognition system, these segmentation images would have to be filtered to suppress undesirable artifacts
introduced for example by smoothing. The procedure would include a thinning of the edge image, and a dilation of the
surface image.

5. CONCLUSIONS

We have introduced a connectionist technique for segmenting range images. The technique consists of four major
steps: 1) image filtering and estimation of surface normals; 2) estimation of the maximum gradient at every pixe
and near orientation invariant organization of the image data; 3) feature extraction; and 4) neural network surface
classification.

To estimate the surface normal at apixel, fourth order Lagrange polynomias are fit to the Cartesian range data
surrounding the pixdl. These polynomials are functions of the absolute coordinates (X,Y,Z). Partia derivativeswith
respect to X and Y are calculated, and their cross product used to obtain the magnitude and direction cosines of the
normdl.

Once the normals are estimated, the direction of the gradient a each pixe is used to reorient the local image
data and creste a near rotational invariant representation for each pixel’sloca region. This reorientation is done by
applying appropriate templates for pixel selection aong four branches of interest that are 45° gpart from each other.
The templates are generated keeping two criteriain mind: first, the total number of pixelsin every branch hasto be
independent of the gradient; and second, the selected pixels should lie as faithfully as possible aong the desired
branch directions despite image discretization.

After the appropriate pixels have been selected, festure vectors are extracted and presented to the neural nets
for classification. The selected features emphasize surface and hormal trends, and are good surface discriminants.
Training has been conducted by extracting representative patterns from severa planar, cylindrical concave,
cylindrical convex, and spherical surfaces, and presenting them to the networksin a supervised training fashion.

Inthefina step, the outputs of the networks are used to identify the different surface regions, the surface types,
and the edges existing at the boundaries of the surfaces. This approach has been tested with multiple range images.
The results obtained with noisy, computer generated range images, show good performance with the edges and
different surfaces being properly identified and labeled.

Aspart of future research, we plan on expanding the list of surface types the nets can recognize. We anticipate
this expansion will require the modification of the current templates to include complete local regions instead of
simple line branches.
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