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Non-Linear Surface Fitting of Laser Range Images
Using a Hypercube Concurrent Computer

Michael Finley

Abstract

Segmentation and non-linear surface fitting with laser range images are attempted
on a hypercube concurrent processor. Low-level software acquires range images onto
the hypercube. A substantially modified existing range image edge detector works
in the hypercube image analysis environment to accomplish segmentation. The
Levenberg-Marquardt algorithm implements the non-linear least squares fitting of
the surfaces.

Problems were found with each part of the approach. The edge detection algorithm
is unnecessarily complex and yields an all too cluttered edge map. The fitting rou-
tine is limited by hardware in the number of surfaces that it can process. Finally,
the fitting approach requires input estimates of the parameters which do not ap-
pear to be generalizable for any image, thus keeping the process from being totally
automated. Other research in surface fitting on serial computers has yielded results
which may be helpful additions to solve the problems of automation.






1
Introduction

This report describes an experimental implementation of a computer vision system
using a laser range camera. It consists of three independent parts (segmentation,
surface fitting and recognition), of which only one is complete (segmentation) and
one is near completion (fitting); the third has become a separate project of its own.
The range camera is a state-of-the-art Odetics, Inc., Laser Range Scanner and all
programs in this application were written in the C language for a 64 node hypercube
parallel processor.

This work was performed under the Oak Ridge Science and Engineering esearch
Semester (ORSERS) at the Center for Engineering Systems Advanced Research
(CESAR) of the Oak Ridge National Lab. The study was directed by Dr. Reinhold

Mann.

A range image is a picture of a scene in which the brightness of a point represents the
distance from the camera to that point. A device which produces such images has
obvious utility in machine vision where other techniques, such as stereo triangulation
with conventional cameras, require a large amount of computation while yielding
ambiguous or erroneous range information. Given a range image of the world around
the scanner (located, for example, on a mobile robot), a three dimensional model of
the environment can be created such that objects can be recognized. The procedure
from digitizing a range picture of a box, for example, to labeling that part of the
picture as “box” is, however, a difficult problem. The steps taken towards a solution
to this problem in this particular study are image acquisition, segmentation, and

surface fitting (Fig. 1).

Image Acquisition

The laser range camera is controlled through a DR-11W card in a VME system.
The raw output of the camera is a 32768 byte buffer (software by Dr. Ralph Ein-
stein) which must be interpreted for use. This buffer is transferred to the NCUBE
parallel processor (transfer software by Dr. Judd Jones) where it can be interpreted.
A program was written for this study (and permanently added to the vision labora-
tory software) which separates the 32K image into two 16K images: one containing
information about the reflectivity of the scene and one containing the range data.
This yields a range image as a 2D array (128 x 128) of 1 byte (unsigned char-
acter) values. These values are interpreted as integers between 0 and 255 which
correspond to distance from the camera to the points in the scene, at intervals of
(approximately) 1.4 inches. The camera can also be operated in a more accurate
range mode (reflectivity accuracy is lost) with range resolution up to 0.7 inches.

Range Image Segmentation

Once the 16K range image is acquired, a program is invoked to separate the areas
of the picture that correspond to different objects in the scene. This is called a
segmentation program and has led to several problems in working with range images.
Dr. Griff Bilbro implemented a segmentation algorithm which uses complicated
morphological techniques. His code operated on synthetic data (real range images
were not available at the time) in 64K images. That code was modified during
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Figure 1. The Laser Range scanner produces an image. The computers digitize the
image, create an edge map and fit surfaces to separate objects.
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the current project to segment the 16K range images and operate in the standard
vision laboratory environment. Dr. Bilbro’s approach was found to be unnecessarily
complex for the smaller images and needed modification to produce useful results.

Essentially, Dr. Bilbro’s code finds edges of both step (discontinuities in depth) and
roof (abrupt changes in surface curvature) types. The roof edges complicated the
scene by finding, for example, that the faces of a cube were different objects. For
the purpose of fitting surfaces (the next part of the study), the roof edge detection
was eliminated (technically, the gain for roof edges has been set to zero; otherwise
the code is intact). In addition, several complications with real range images cause
problems in the edge detector. The problem may be explained by thinking of
a person looking head-on at a wall. In this simple scenario, points on the wall
directly in front of the observer are nearer than those found above or below (or left
and right) the line of sight. The result is that the edge detector shows concentric
circles around areas where the range finder’s precision yields an equal distance.
This distance changes abruptly (the least significant bit is increased by one) at the
threshold of the camera’s precision. A wall 3.5 feet from the range camera, for
example, is seen as four concentric rings of equally distant points (Fig. 2). The -
solution to this problem is part of a calibration scheme (currently, the work of Dr.
Frank Sweeney) that will be necessary for any application of the range images.

©,

Figure 2. Edges in a range Figure 3. Edges in a range
image of a flat surface. image of a box on a flat surface.

A similar problem that arises due to the range camera’s resolution is that objects of
a significant size in the range image are also plagued by the ring edges (Fig. 3), while
smaller objects have undetectably small variations in their surfaces, and are shown
to be closer than the background, but flat even when they have structure. A cylinder
of diameter 5.5 inches on a wall at 3.5 feet from the camera, for example, appears
to be a flat surface (Fig. 4). Simple range images were taken as data for the study,
but they are disturbed by the precision problems to the extent that synthetic data
(simulated surfaces) have become the only means of evaluating the fitting routine’s
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performance. When range images of larger objects can be taken and transformed
under calibration, these problems should be resolved. A final point about the edge
detector must be made: some real-world images (of part of the laboratory room)
were taken and edge detection was done on them. The result is most commonly
a picture cluttered with edges to the point that objects become indistinguishable.
Real objects can have very complex shapes, and a different approach will be needed
to produce a useful edge map from complicated images.

Figure 4. Left: A simple image as seen by the eye. Right: The range image (darker
represents nearer; points with equal shading are determined to be equidistant from
the camera).

Surface Fitting

The third and final part of the study involves fitting surfaces to the patches outlined
by the cdge detector. The idea is common in image analysis: to reduce a set of N
points in space to a set of M<<N surfaces which model the points. Essentially, it
is a problem in data reduction; the goal is to reduce 16K of information to some
smaller amount of information which significantly represents the original data in
a manageable way. The method chosen is one that has been applied to range
images!'?% on serial computers. The advances of our implementation are the use
of machine-segmented rather than hand-segmented data and the implementation of

simultaneous fitting to many surfaces on a hypercube concurrent processor.

The surfaces chosen for fitting are called superquadrics. This family of curves
was invented by danish designer Peit Hein as an extension of basic quadrics.* The
functional representation of the surface depends on 5 functional parameters (scale
on the x, y, and z axis and two exponents which govern the squareness in the x-y
plane and along the z axis), three position parameters (center of the superquadric in
3-space), and three orientation parameters (the Euler angles). Altogether, these 11
parameters describe a wide variety of objects from any ellipsoid to any right-angled
parallelepiped® (Fig. 5). The points on the surface can be represented in parametric



5

form in spherical polar coordinates. Alternatively, an implicit density function for
the superquadric is given as follows?: :

2 2 & 2
€, € \ & €, &1
1 2 3

Where X8 = Xs()q;.X,Y,Z,OC, B’ Y)

YS = YS (yo,X,y,Z’OC, Ba Y)
ZS = ZS(%,nygz’a, B9 Y)

And X ¢ = center of the superquadric on the X axis

Y o = center of the superquadric on the Y axis
Z , = center of the superquadric on the Z axis

€= squareness along the Z axis
€,= squareness in the X-Y plane

d, = scale on the X axis

d, = scale on the Y axis

d,= scale on the Z axis
o.B,y = Euler angles of rotation

Using this function, a point (x,y,z) lies on the surface of the superquadric if S(x,
¥, z) equals unity. This function can be evaluated and the parameters adjusted to
yield a fit. The problem arises, however, that this definition says nothing about
the points on the surface that are not represented by data. As an example, this
function will fit points that lie in a plane to an ellipsoid by making the radius of
the ellipsoid approach infinity. The points will lie on or very close to the surface,
but the superquadric yielded is infinitely large, which is a false model of some finite
surface. Instead, a second form of the surface is defined?:

R=a3a,a, (S-1)

where a point (x, y, z) is on the surface of the superquadric if R equals zero. Using
this function, the scale parameters along each axis (a;, az, and ag) will be minimized
along with the adjustments made to the other parameters. The new function R also
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d, = da<a,
€=1
€,=0

Figure 5. Sample Superquadrics
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has complications, however. It is clear that when any one of the scale parameters
is zero, all points will be determined to lie on- the surface (in fact any point will
lie on the surface) which is clearly not the case. In general, this is avoidable by
ensuring that the scaling parameters are large compared to unity, therefore R is the
superquadric form of choice?.

The function is clearly nonlinear and thus requires an iterative procedure to arrive
at the correct parameters. The chosen method, named after its inventors Levenberg
and Marquardt, is a standard for nonlinear least-squares fitting® (Fig. 6). It requires
three inputs: an initial guess for the eleven parameters, the gradient vector of the
function with respect to the parameters at any point, and a means of measuring the
“goodness of fit.” The input parameters are estimated from the data, the gradient
vector was found using Mathematica®™ (which accomplishes, among other things,

symbolic partial differentiation), and the measure of the fit is defined as follows?:

€ =25

where x* represents the “goodness of fit” and N is the number of points (x,y,z)
which belong, according to the segmentation of the image, to a surface.

2

The fitting begins by finding the error and a modified Hessian matrix for the input
parameters. The solution to the matrix yields a vector of recommended changes to
the parameters. The parameters are thus adjusted, and the new error and modified
Hessian are computed. If the new error is smaller, the adjusted parameters are
accepted and a new adjustment is calculated; otherwise, the adjusted parameters
are dropped and smaller adjustments are calculated. This procedure continues until
some criterion (insignificant error decrease or high number of iterations) is met, and

the final best fit parameters are output®.

Implementation on a Hypercube Concurrent Computer

In this study, the implementation of the algorithm was in parallel on the hypercube
processor. To understand how this was accomplished, a brief explanation of the
hypercube architecture and parallel image processing is necessary. The hypercube
consists of a set of 2" (integer n>=0) processors (also called “nodes”) that are
linked as if they were the vertices of an n-dimensional cube. A 0-cube, for example
is single node (2°=1) with no links (no other nodes to link with), while a 3-cube is
composed of eight nodes (23=8), each of which is linked to three other nodes like
the vertices of a standard cube (Fig. 7). Image data are distributed among the
nodes of the hypercube in horizontal strips of the input picture (Fig. 8). The result
is a loosely synchronous SIMD (single instruction, multiple data) algorithm. Each
node can operate on its part of the data, and communicate results to other nodes
as needed. The goal of a good parallel program is to balance the workload of each
node because the total time for execution of a program is the largest time for any
single node. By balancing the number of data points on each node initially, this
can be achieved approximately.
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Figure 6. A single iteration of the Levenberg Marquardt Algorithm



3-cube or 8 node processor

4-cube or 16 node processor
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Figure 7. The Hypercube architecture (Figure by Dr. J. P. Jones).
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Given that equal strips of the range image are distributed among the nodes of a
hypercube, each node will have to process its part of each surface. Clearly, more



10

than one node will have parts of any sizeable surface (imagine a vertical pole in
the image-every node will have a piece of this image which contains points that
are on the pole!). Thus each node must use the same parameters and parameter
adjustments to find its local error of fit for any surface. Then, each node must
tell every other node its results, so all nodes together compute a total error, and
adjustments in the iterative procedure.

Unfortunately, the problems of paralle]l computing begin to appear when the ad-
justments are computed. Levenberg-Marquardt solves a modified Hessian matrix to
find the adjustments. This matrixis 11 x 11 in the case of the eleven superquadric
parameters, and 1t involves summation over the points on a surface, which means
that it too must be communicated between all nodes. In floating point values (4
bytes), the matrix for one superquadric alone is nearly 500 bytes. In a complex
scene with many objects, the amount of data that is transferred between nodes be-
comes very large. The manufacturer’s recommendation is that about 10KB (or 20
superquadrics) should be communicated at a time. If each node processed only its
own superquadric, many nodes would be idle (the difference between the number
of surfaces and the number of nodes would be large-those nodes have nothing to
do). If, however, only a single superquadric’s matrix is communicated at a time,
the communication time becomes unwieldy and the speed of the machine is lost.

The present implementation of the fitting routine solves most problems of paral-
lelization, excluding the case of a large number of superquadrics. Since presently
only simple or synthetic data are used, this has not yet been a problem. In addi-
tion, the present implementation is readily adjustable for the study of a new class
of problems that this work has revealed. Namely, when one surface converges (the
best fit parameters are found), many nodes will no longer have some part of their
data: that part which was on the surface that is finished fitting. This leads to a
load imbalance among the nodes during execution, and algorithms for this type of
dynamic load balancing have not yet been studied.

With some understanding of the parallel problems, other problems intrinsic to the
fitting routine are now introduced. Fitting a surface which depends only on eleven
parameters to a set of M>>11 points is termed an overdetermined optimization
problem!. Essentially, the surface is overconstrained when trying to adapt to all M
data points. In the algorithm, this is seen as a very large number for the “goodness
of fit” or error value. In particular, when the squareness parameters become very
small, their reciprocals (which are used in the definition of the surface) become
very large exponents. Overflow errors are common in attempts to fit square figures
because this requires the exponents to approach infinity. The limits set on just how
high the exponents can go depends on the number M because the summation over
all M points of the various partial derivatives (in the Hessian matrix) is usually
the quantity that overflows. In addition, the problem of not allowing the scale
parameters to approach zero (recall the incorrect solution that this yields) means
that they must remain above unity, and their product (recall the definition of R)
can be a large number when summed over all points. A possible solution to this
problem can be found in the literature and consists of disregarding data points whose
individual error is beyond a threshold?. This possibility has not been investigated.

Additionally, the use of the volume-constrained function R rules out some classes
of objects. A very thin object, for example, must have one of its scaling parameters
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set low, but this leads it to be less than unity, and the iterative procedure is quickly
dragged to a halt by making it zero. Some researchers have used the addition of
Poisson distributed noise to the data during the iterative procedure to eliminate
local minima of the error function in the eleven dimensional parameter space, but
exactly when to add that noise and to what types of images is not specified!. These
same researchers show an error function which decays exponentially with further
iterations, a result which has not been found under this project!. One last problem
which appears to have been solved elsewhere is the initialization of the parameters,
the input ”guesses” to the Levenberg-Marquardt algorithm. Some researchers claim
that ”canonical” guesses (simply constants that are equivalent for every surface)
suffice for a quality fit?, and again, this conflicts with the results of the present
study, which found that rather tedious procedures are needed to approximate the
true parameters before the iterations begin.

Conclusions

Summary

The parallel code for the representation of three dimensional data with superquadric
surfaces was written in C on a hypercube concurrent processor. The implementa-
tion of this study differed from others in its parallel nature and in the use of real
range data. Both of these innovations have lead to severe complications in addition
to other problems that are inherent to the method, and overall the program still
remains in an experimental stage. The next step in the work consists of communi-
cation with other researchers in the area for resolution of some disagreements, and
no doubt improvements in the programming. This communication has already been
initialized with the group of Dr. R. Bajcsy from Pennsylvania State University.

Recommended Future Work

The laser range scanner must be correctly calibrated for the segmentation programs
to work. In addition, the segmentation programs need modification to deal with
a larger class of images (from simple to complicatéd scenes), and should be data-
independent. Finally, the surface fitting routine has many problems e.g., choos-
ing input parameters, adding noise, allowed range for different parameters, limited
choice of shapes, etc. which remain to be resolved.
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