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Abstract

Currently two major limitations to applying vision in real tasks are robustness in real-
world, uncontrolled environments, and the computational resources required for real-time
operation. In particular, many current robotic visual motion detection algorithms (optical
flow) are not suited for practical applications such as segmentation and structure-from-
motion because they either require highly specialized hardware or up to several minutes on
a scientific workstation. In addition, many such algorithms depend on the computation of
first and in some cases higher numerical derivatives, which are notoriously sensitive to noise.
In fact the current trend in optical flow research is to stress accuracy under ideal conditions
and not to consider computational resource requirements or resistance to noise, which are
essential for real-time robotics. As a result robotic vision researchers are frustrated by
an inability to obtain reliable optical flow estimates in real-world conditions, and practical
applications for optical flow algorithms remain scarce. Algorithms hased on the correlation
of image patches have been shown to be robust in practice but are in general infeasible
due to their computational complexity. This thesis describes a space-time tradeoff to this
algorithm which converts a quadratic-time algorithm into a linear-time one, as well as a
method for dealing with the resulting problem of temporal aliasing. One limitation of this
algorithm is that it does not give truly real-valued image velocity measurements. Therefore,
it is not obvious that it can be used for a wide range of robotics vision tasks. One particular
application for optical flow is time-to-contact: based on the equations for the expansion of
the optical flow field it is possible to compute the number of frames remaining before contact
with an observed object. Although the individual motion measurements of this algorithm
are of limited precision, they can be combined in such a manner as to produce remarkably

accurate time-to-contact measurements, which can be produced at real-time rates.
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Chapter 1

Introduction

There are many motivations for developing autonomous mobile robots. Robots in general
are desirable for replacing humans in many situations. Some tasks may be impossible for
unaided humans, such as very heavy lifting or microscopic visual inspection. Some tasks may
be immediately hazardous to human heings. such as fire fighting, handling toxic chemicals,
operating in areas of high radiation, or combat. Tasks which are unhealthy in the long
term are also suitable candidates for automation, such as performing repetitive motions
or working with industrial chemicals. Tedious jobs such as assembly line quality control
may be performed more accurately by an automated system. Despite these motivations,
applications for rohotic systems remain relatively scare. Some difficulties include restricted
mobility of current systems, restricted sensing capability (including sensitivity to noise in
the sensing process), and the limited computational power available for such systems.

A robot that has true mobility must be able to sense its surroundings and other objects in
its environment. Using computer vision to solve robotics related tasks has many advantages
over more traditional sensing modalities such as sonar. active infrared and structured light.
First, given the proper optics, vision essentially has no distance limitation, possibly making
use of wide-angle lenses at one extreme to telephoto lenses at the other. In contrast, a laser
light striper’s range might be limited to one or two meters. Second. the information available

in an image is both spatially dense (a quarter-million pixels is standard) and potentially of



very high resolution (8 bits is standard, up to 12 bits is available). Third, it is a totally
passive sensor, and need not be excluded from sensitive environments where the emission of
sonic or infrared pulses might be intrusive. Finally, decades of scientific research on human
vision and the human visual system is available to researchers in computer vision.

Despite these strong incentives to use vision as a powerful means of perception on mobile
robots, and extensive mathematical analysis of computer vision, practical real-time robotic

vision algorithms remain elusive, as recently noted by D. Touretzky et.al. ([TWR94]) :

“But the real problem with video cameras is that image processing is compu-
tationally expensive. Even something as simple as calculating real-time optic
flow requires more processing power than is practical for a mobile robot. Yet
optic flow is known to be computed in the early stages of mammalian vision.
Such observations underscore the tremendous gulf that remains between today’s

digital computers and real nervous systems.”

It is undeniably true that biological organisms are able to perform such tasks as mo-
tion detection, and most evidence from the field of computer vision (even to the present
day) would tend to confirm the above statement that it might not seem possible to be able
to compute optical flow, or point-wise visual motion detection, in real-time using comput-
ing power that was practical for a mobile robot. Nonetheless, [C93] proposed the thesis
that optical flow could indeed be be computed in real-time using computing power that is
appropriate and practical for a mobile robot, that the optical flow thus produced would
be robust, and that it would be sufficiently accurate to be used for certain robotic vision
tasks. Here “real-time” is defined in the loose sense of being fast enough to be calculated
on-line and be usable in some reactive system; on the order of 4-5 frames per second at a
minimum. “Practical for a mobile robot” implies something on the order of a current low-

end workstation or possibly a mid- to high-end personal computer. Unfortunately, in the



past this has proven very difficult, since such the calculation of optical flow is traditionally
computationally intensive, very sensitive to noise, and often inaccurate.

In fact currently the two major limitations to applying vision in real tasks are robustness
in real-world, uncontrolled environments, and the computational resources required for real-
time operation. In particular, many current optical flow algorithms are not suited for
practical applications such as segmentation and structure-from-motion because they either
require highly specialized hardware or up to several minutes on a scientific workstation. For
example, [WM93] quotes 4 minutes on a Sun workstation and 10 seconds on a 128-processor
Thinking Machines CM5 supercomputer. If computer processing power continues to grow
at approximately 54% per year [PH94], then such an algorithm would take approximately 16
years for the 1000-fold increase in performance necessary for real-time rates on an ordinary
workstation. In addition, many such algorithms depend on the computation of first and in
some cases higher numerical derivatives, which are notoriously sensitive to noise. In fact
the current trend in optical flow research ([BFBB92], [WM93]) is to stress accuracy under
ideal conditions (either no noise or at best, modeling the noise as Gaussian, a questionable
assumption), and not to consider computational resource requirements or resistance to noise,
which are essential for real-time robotics. As a result robotic vision researchers are frustrated
by an inability to obtain reliable optical flow estimatesin real-world conditions, and practical
applications for optical flow algorithms remain scarce.

Algorithms based on the correlation of image patches (e.g. [BLP89a]) have been shown
to be robust in practice but are in general infeasible due to their computational complexity.
This thesis describes a space-time tradeoff to this algorithm which converts a quadratic-time
algorithm into a linear-time one, as well as a heuristic for dealing with the resulting problem
of temporal aliasing.

The success of this optical flow algorithm may be measureed by how well it fulfills the

three basic requirements of robotic vision: such an algorithm should be robust, fast, and



accurate. If an algorithm is not robust, i.e. it cannot perform well in varied circumstances
and in unpredictable environments, it is of little use for robotic vision regardless of how fast
it runs or how well it can perform in certain limited and clearly specified conditions. For
this reason, we avoid algorithms which depend on visually distinguishable markers or highly
textured patterns, since it is not reasonable to expect that the environment will always
be constrained in such a manner. Furthermore, such algorithm must be vigorously tested
against very noisy and low quality, degraded images to ensure robustness against noise.

The second requirement for a practical robotic vision algorithm is that it be fast; clearly,
any algorithm that takes several seconds or minutes cripples the usefulness of an autonomous
mobile robot. In particular, such an algorithm should run in real-time when run on com-
monly available hardware, such as a low-end workstation. Although it may be possible to
run a computer vision algorithm quickly on for example a massively parallel supercomputer,
the practicality of such a solution for mobile robotics is questionable, due to the tremendous
cost, weight, and power consumption of these devices.

Finally, robotic vision must be accurate, as appropriately defined for a given task. It is
useful to remember that for some tasks, qualitative vision may be sufficient. Quantitatively
accurate robotic vision is of course desirable, but under no circumstances may the first two
criteria of robustness and real-time performance be sacrificed. If these first two criteria are
satisfied however, accuracy may then be optimized.

This thesis has two main immediate contributions. A new, linear-time optical flow al-
gorithm is developed which is very fast and robust (although not necessarily very precise),
and has many uses in its current form. Second, an algorithm for calculating quantita-
tively accurate time-to-contact is developed, without sacrificing computational efficiency or
robustness.

From a broader perspective, real-time optical flow is now available to virtually anyone

with a camera and low-end workstation. Furthermore, it is argued that this algorithm is



very likely to always remain significantly faster than other optical flow algorithms (at least
those that do not employ special hardware) on standard, commonly available computing
hardware. This algorithm has demonstrated remarkably accurate quantitative results for
at least some applications, and there is every reason to believe that such results could be
extended to further applications using a similar methodology. Perhaps the most important
lesson learned is that quantitative computer vision can be possible (and practical) without

complicated models or extremely accurate low-level measurements.



Chapter 2

Optical Flow

The primary difficulty with computer vision is that a single 2-dimensional image can arise
from effectively an infinite number of 3-dimensional scenes. A characteristic of image forma-
tion, one that must be well understood in order to attempt to understand the scene giving
rise to a particular image, is the unavoidable loss of information in the imaging process.
A single pixel is represented by a single intensity value, which itself it the result of many
factors, such as the intensity, color, and location of the light source or sources, and the
orientation, reflectance, and transparency of the objects in the scene, as well as the optical
and electrical properties of the imaging device itself. Each of these effects may be under-
stood individually, but they are mutually confounding:; a single 2-dimensional image can
correspond to an infinite number of 3-dimensional scenes.

Motion detection is an essential means of perception for an organism for determining the
organism’s own movement, the structure of the organism’s environment, as well the motions
of other organism’s in its environment. Movement in images can be divided into real motion
across the retina, and apparent motion, the perception of motion that arises when an object
or pattern appears to instantaneously move from one place to another [RA86]. In the case
of the latter, the correspondence problem must be solved [U79], that of matching points or
features in one image with that of another. If motion across the retina is real, then it may be

possible to detect motion using the spatial and temporal derivatives in an image, however,



Figure 2.1: Optical flow “needles” indicate direction and magnitude of motion of pixels from
the left image to the right image.

if the motion (or time delay) between successive frames is sufficiently small, then apparent
motion begins to approximate real motion, thus it can be argued that studying the former
is all that is necessary.

An object moving in 3-D space has a three dimensional velocity vector field W(z. y, z).
This 3-D motion field is projected onto the retina of an observer as the 2-D motion field
Wy(,y). Unfortunately, this 2-D motion field may not be perceived directly since it is
a purely geometrical concept; all that may be detected is some local measure of incident
light at each point, E(z.y). In a typical machine vision system, two images are taken by a
camera separated by a discrete time interval At. What may be observed at each point is
the changes in a point’s intensity value AE (%, y) during this time interval. The optical flow
is a vector field describing this intensity change by indicating the motion of features from
one image to the other. An example of optical flow is shown in Figure 2.1.

By accurately computing this 2-D vector field, it is in principle possible to calculate
three-dimensional properties of the environment, and quantities such as time-to-contact
with an an observed object [Lee76]. Biological organisms make considerable use of optical

flow, such as the detection of discontinuities [PRH81], and figure-ground discrimination



[B81]. Motion detection is useful for autonomous mobile robot navigation [PBF89] as well
as undersea navigation [NSY91]. [K86], [KvD78] discusses the decomposition of optical flow
into curl, divergence and shear for the purposes of determining local shape of an object,
and [Reg86] presents evidence that the human visual system possesses specific detectors for
similar types of basic motion. [TR93] describes an application for image coding. [MB90)
covers experiments in segmentation, structure from motion, tracking and qualitative shape
analysis. [NA89] discusses obstacle avoidance using only qualitative optical flow.

In general the optical flow will not be the same as the true 2-D projection of the 3-D
motion field [VP87]. For example, a rotating, perfectly featureless sphere will not induce
any optical flow, however the 2-D projection of its motion field is non-zero everywhere on
the sphere except at the occluding boundaries. Conversely, if the sphere is stationary but a
light source moves, the changes in shading will induce an optical flow field even though the
motion field is zero everywhere ([Horn86]). However, for a sufficiently textured surface, the
optical flow field will be arbitrarily close to the motion field.

Many techniques for optical flow exist (see [BFBB92] and [LV89] for reviews and discus-
sions of several techniques). Although these techniques can perform very well for certain
sequences of images, there are very few that are currently able to support real-time per-
formance. Authors rarely report the computational time needed for their algorithms; when
they do, it is on the order of many minutes per frame ([WM93]), or require specialized hard-
ware such as a Connection Machine ([BLP89a], [DN93], [SU87], [WZ91], [L88]), Datacube
([LK93], [N91]), custom image processors [DW93], or PIPE [KSL85], [WWBS8], [ATYM].
Techniques which can run in real-time often impose strict restrictions on the environment;
[AB88] presents a technique that can segment in real-time for tracking purposes, but re-
quires that a textured object be moving in front of a relative textureless background. We
desire a technique that computes a more general-purpose optical flow field, in real-time on

a standard desktop workstation, without imposing strict restrictions on the input.



Techniques for optical flow can be divided into gradient-based, velocity-tuned filter based,

and correspondence-based motion, each described in turn.
2.1 Gradient-Based Optical Flow

A common technique for computing optical flow is to assume that the total spatial and
temporal derivatives of the image brightness remain constant. For small motions, constant
ambient illumination, these assumptions are more or less true except for pathological situa-
tions such as occluding boundaries. While occluding boundaries is an important application
for optical flow, for the moment we will only consider the general case.

From [HS81], assume that the brightness of a given point in an image is constant :

dFE

— = 0. 2.1

m (2.1)
And we wish to find the velocity v = (w,w) = (‘j[—/r %111) After expanding equation 2.1

we have :

0B OE O _ -
ar " oy T et T (2

(Note that equation 2.2 does not contain second and higher order terms; these vanish as
ot — 0. Since 6t is often a significant fraction of a second, it is questionable to ignore these
terms, thus yielding second-derivative methods such as [UGVTS88], which we will mention
later. For now we will ignore this issue.)

oB
at

The spatial derivatives ‘Zf and %—’Z and the temporal derivative at an image point

can be estimated using two or more images by using for example finite or central difference
methods [LV89]. This leaves two unknowns u and w, motion along the X and Y axes

respectively, with only one constraint, equation 2.2. Only the motion along the direction of

the gradient (22, ‘3—5) is available. This is known as the aperture problem [MU81], [NS88]

and is illustrated in Figure 2.2. The left of Figure 2.2 shows an instance of the strong



aperture problem [BLP89Db]. If intensity variations are one-dimensional (i.e. no curvature
of the intensity isocountours), and no endpoints or distinguishing markers are visible (as if
the contour were viewed through a small aperture), then the motion of a point on a line
is ambiguous; point A could have moved to point A or point A’ for example. Under these
conditions (when intensity variation is one-dimensional) the problem as stated is ill-posed
without further assumptions and the correct motion cannot be determined. When dealing
with spatial gradients, the aperture problem manifests itself in the fact that first derivatives
are only a planar approximation to the curvature at a given point. Generally however
natural image sequences do have sufficient intensity variations. The right of Figure 2.2
shows a translating curved contour. Here, the motion of point A may be disambiguated by
comparing the motion of nearby points as well; points B and C match the correct motion of
point A, but that of points D and E do not. If there are two-dimensional intensity variations,
then the aperture problem is known as the weak aperture problem. However, this particular
solution requires a non-local mechanism, and in this case an assumption of local rigidity,
which is not necessarily true in general, but may be approximately true for most cases.
Given that nearby points on moving objects are likely to have similar three-dimensional
velocities, their two-dimensional velocity projections should also have similar velocities. The
problem can then be formulated as minimizing the sum of the errors in the equation for the
rate of change of image brightness and the deviation from smoothness in the optical flow
[HS81]. The optical flow field is then determined by minimizing a cost functional L ([HS81],

[KWMB89)):

oz
dy

)’ + (Z—Z)Q + (%)2]}(1;1: dy

Ld) = [ [AlE+ By B+ 2GR + -

[KWMB89] proposes implementing such a smoothness constraint in a neural network and
relates it to the primate’s visual system.

In contrast to finding dense flow using a smoothness constraint, [Hil84] proposes calcu-

10



A > Actua motion

——————= Detected motion

Figure 2.2: The strong aperture problem is illustrated on the left; only motion normal
to a translating straight contour may be determined. If there are curvature or intensity
variations, then we have the weak aperture problem, which can be satisfactorily solved if
certain assumptions are enforced.

lating optical flow at points along the contours in the image. Here contours are extracted
from the image using Marr and Hildreth’s edge detector [MH80] and required that the ve-
locity field be smooth only along a contour and not across it. This method does not blur
the optical flow field at discontinuities, but only gives sparse measurements (only along the
contours) and may confuse object boundary contours with other kinds of edges, such as
those due to changes in shape or reflectance.

[SAHO1] represents the problem probabilistically to account for the confounding effects
of image noise, low contrast regions, multiple motions, lighting changes. A two-dimensional
probability distribution is used that reflects directional uncertainty in the motion estimates.
Areas of high contrast are treated as more reliable than areas of low contrast, subject to an
asymptotic maximum, rather than effectively normalizing contrast when combining velocity
information of a given point with that of nearby points.

A description of a general gradient-based method for a one-dimensional image is seen
in Figure 2.3. Here a one-dimensional image intensity profile is shown in the vicinity of a

given point p at coordinate (). At time # the image intensity at point p is Ey, and at time

11
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Figure 2.3: Gradient-hased Optical Flow
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a forward-difference method : % = = The spatial derivative 5 can be similarly

estimated using the pixels adjacent to pixel p.

[DN93] calculates gradient-based optical flow using the multipoint technique for solving
partial differential equations. Here the least-squares solution for equation 2.2 is solved in a
local NxN neighborhood, under the assumption that local velocity is locally constant. This
can run at several frames per second on a Connection-Machine 2 (depending on the size of
the neighborhood N); see also [DNS92].

[BJ94] minimizes an objective function consisting of three terms : one, the standard opti-
cal flow intensity constraint equation; two, the differences with the optical flow in neighbor-
ing pixels; and three, the difference with a parametric planar patch estimate of the optical
flow in regions of approximately constant intensity. Robust error norms are used to reject
outliers in each error term.

[WWBS8S8] calculates the motion of edges by differentiating their Gaussian-convolved



spatio-temporal activation profiles with the PIPE pipelined image processor at 15 frames
per second. This method is very fast and can be robust, but only gives normal flow at edges,
not the true flow.

One solution to the aperture problem of equation 2.2 is to assume that the total temporal

derivative of the spatial gradient is zero :

dVE 0
dt

Expanding this equation leads to two constraints :

O*E O’F O’F 0’F O’F 0’F

g2 ! + dxdy vt 0z 0, - Oydx et Oy? vt Oyd, -

0

This approach is taken in [Nag87]. [UGVTS8S8], and assumes that the displacements being
measured are less than one half of a cycle of the highest spatial frequencies in the image,
otherwise there will be aliasing. Although this approach can in theory give very precise mea-
surements, one major problem is that numerical differentiation of this sort is very sensitive
to noise in the input (for example c¢f. [KMB+91]). This is particularly true if the spatial
derivative is small (i.e. the slope is flat) at the point in question, in which case a constant
amount of noise has a greater detrimental effect on the numerical differentiation. Methods
based on second or higher derivatives are potentially even more susceptible to noise as the
problems associated with numerical differentiation are even worse. [To92a] calculates veloc-
ity at areas of sufficient contrast in the image using the technique of [UGVT88] at about 2-3
frames per second on a Sun 4/330. For his tracking application, dense measurements are not
needed, nor is it necessary for highly accurate measurements. Any less than a full 8 bits of
information per pixel may make second-derivative techniques unsuitable however [To92b].
In practice for robustness, [UGVTS88] implements two variants of regularization techniques
to create a smooth optical flow field. Smoothing the image can help attenuate the effects
of noise, however smoothing the basic optical flow measurements by imposing a smoothness

constraint or regularization such as in [HS81] can smooth over discontinuities in the motion
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field and introduce inaccuracies, as well as increase the computational cost. One option for
improving performance for these methods is to only calculate optical flow where the spatial
derivatives are large (i.e. the gradient is steep), such as is discussed in [BFBB93], however
this can result in a sparse motion field which may be inadequate for some problems. It is
desirable to find a method of calculating optical flow that is less sensitive to noise in the

imaging process, gives a dense output, and is computationally efficient.
2.2 Velocity-Tuned Filter Optical Flow

One class of optical flow techniques represents motion in terms of spatial and temporal
frequencies. From [Heg87], two-dimensional patterns translating in the image plane occupy

a plane in the spatio-temporal frequency domain :
W = UWe + Vwy

where w;, wy, wy are the temporal and spatial frequencies of the motion respectively.
This approach assumes that several points in spatio-temporal space can be detected in the
moving surface. If, however, the aperture problem exists, then the points in spatiotemporal
space occupy a line, and the plane is not fully determined. To solve this problem, [WA85]
combines ten oriented sensors into opponent-motion pairs, discarding the smaller response
of the pair. In theory, the output of any two remaining sensors (within 90 degrees of the
actual motion) is sufficient to determine the actual motion, since that would provide two
linearly independent components of the velocity vector. [SS85] describes elaborated Reichardt
detectors, in which the point receptive fields of the original Reichardt detectors are replaced
with spatial filters, and stresses the need for effective voting rules in differentiating between
different sensors’ outputs. [AB85] describes the construction of phase-independent separable
spatiotemporally oriented opponent-motion filters, and suggests using the ratios between

multiple sensors for contrast-invariance; although higher contrast will increase the absolute
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outputs of the motion sensors, the ratios of their outputs should remain constant. [AB85]

[WM93] first convolves the image with a set of linear, separable spatiotemporal filters
and applies the brightness constancy equation (equation 2.1) to each. The resulting over-
determined set of equations is then solved using a total least squares or orthogonal regression
technique.

[F192] describes a phase-based method which describes component velocity in terms
of the motion of level phase contours in the output of band-pass velocity-tuned filters.
This technique is essentially a differential method applied to phase rather than intensity
[BFBB92]. The full 2-dimensional velocity field is determined by fitting a linear velocity
field to the component velocities. Although these methods can produce accurate results
([BFBB93], [WM93]), methods based on velocity-tuned or spatiotemporal filters can be
extremely computationally intensive, requiring up to several minutes or even hours on a
scientific workstation. Thus without some powerful special-purpose hardware, they are

generally not suitable for real-time robotic vision.
2.3 Correlation-based Optical Flow

In general it is not possible to determine the correct optical flow field given a pair of succes-
sive image frames, due to the aperture problem. If certain assumptions are enforced, how-
ever, then the problem becomes well-posed, and can be satisfactorily solved in most cases.
A relatively noise-resistant method of calculating optical flow is described in [BLP89al,
[BLP89D] and summarized here. We will assume that the maximum possible displacement
for any pixel is limited to n in any direction. The actual value of i depends on the expected
velocities of the pixels in the image plane. This is shown in Figure 2.4.

Since we are generally concerned with the flow of rigid-bodied objects, it is usually the

case that any given pixel has the same velocity as those of its neighbors. We assume that
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Figure 2.4: In image 1, the search space for Pixel A for n = 2 is shown. The correct motion
from image 1 to image 2 can be displayed by the vector AB.

these pixels are in a square neighborhood, or window, of size v centered around the given
pixel. That is, it is assumed that the motion vectors for pixels adjacent to a given pixel will
be similar, as shown in Figure 2.5. All examples in this paper use a value v = 7.

The motion for the pixel at [x,y] is defined to be the determined motion of the patch of
v v pixels centered at [x,y], out of (24 1) % (2n+ 1) possible displacements. We determine
the correct motion of the patch of pixels by simulating the motion of the patch for each
possible displacement of [x,y] and considering a match strength for each displacement. If ¢
represents a matching function which returns a value proportional to the match of two given
features, then the match strength M(x,y:u,w) for a point [x,y] and displacement (u,w) is
calculated by taking the sum of the match values between each pixel in the displaced patch

P, in the first image and the corresponding pixel in the actual patch in the second image :

Y, w: M(x,y;u,w) = Z S(Er(i,7) — Ex(i +u, j +w)), (4,])eP, (2.3)

A possible function for ¢ is the absolute difference between the two pixels’ intensity

values; another is the squared difference of their respective intensity values. In these cases
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Figure 2.5: Optical flow for pixels adjacent to a given pixel is assumed constant due to the
rigid-body assumption. In this figure, v = 3.

a lower value indicates a better match. Moravec [Mor77] uses a variant of normalized cross
correlation in stereo matching. Although this has the advantage of insensitivity to contrast,
the sum of absolute differences measure used in most examples in this thesis was found
to be very insensitive to the image contrast. In addition, experiments using normalized
cross-correlation did not produce good results.

In an ideal situation, where we have only fronto-parallel motion, no noise, constant
ambient illumination, and a translation of an integer number of pixels (within our given
range) we would expect the pixels of the two patches to match perfectly. The actual motion
of the pixel is taken to be that of the particular displacement, out of (2541)%(2n+1) possible
displacements, with the maximum neighborhood match strength (equivalently minimum
patch difference); thus this is called a “winner-take-all” algorithm. This is repeated for
each pixel in the image, independently of the other pixels, with the exception that motion
is not computed along a 1 + |v/2]| border at the edges of the image since the matching
operator would have to access points that are not available in the image itself. With a large

neighborhood, ties are relatively rare and are decided arbitrarily.
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This algorithm has many desirable properties. Due to the two-dimensional scope of
the matching window, this algorithm generally does not suffer from the aperture problem
except in extreme cases [BLP89b], and tends to be very resistant to random noise. In fact
the algorithm’s “winner-take-all” nature does not even require that the calculated match
strengths have any relation whatsoever to what their values should theoretically be, it
is only necessary that their relative ordering remains correct. For example, a change in
illumination between frames would certainly affect the individual match strengths, but need
not change the hest matching pixel shift. Conversely, any noise in a gradient-based method
usually directly results in errors in the basic optical flow measurements. In the case of a
change in illumination, the image intensity constraint equation does not apply since total
image intensity does not remain constant. In addition, since the patch of a given pixel
largely overlaps with that of an adjacent pixel, match strengths for all displacements for
adjacent pixels tend to be similar, and so the resultant optical flow field tends to be relatively
smooth, without requiring an additional smoothing step. Finally, since one optical flow
vector is produced for each pixel of input (excepting the small n 4+ |v/2] border), optical
flow measurement density is 100 percent. For these reasons, the basic correlation-based
algorithm tends to be robust in practice, thus satisfying the first criteria for practical robotic
vision.

[A8Ta] and [G8T] prefilter the images with band-pass filters and employ a coarse-to-fine
matching strategy in which initial coarse estimates at one spatial scale are fed into the next
higher resolution level. Although sub-pixel motions can be calculated by finding the minima
of a sum-of-squared-difference with a quadratic approximation to the intensity surface, this
usually requires an iterative procedure which increases computation time. Furthermore,
although matching methods such as these can do well with translating images, they often
have difficulty with diverging images [BFBB93], such as will be analyzed later in this thesis

(Chapter 4). Pyramid structures are discussed further in Section 5.4.
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[AP93] computes optical flow only along a single dimension; often, the vector sum of
two one-dimensional optical flow vectors is sufficiently qualitatively similar to the two-
dimensional optical flow to be used in certain robotic vision tasks. Using Green’s theorems,
the divergence of the optical flow field can be estimated by intergrating the optical flow
normal to a closed contour. By using the estimated divergence of the flow field, time-to-
contact is calculated with errors reported on the order of 10% [AP93]. The simplicity of
this approach makes it a plausible candidate for biological implementations.

[Hub94a] uses the correlation of 2-dimensional image patches along a single dimension
([AP93], [BLP89a]) to simulate the navigation of a fly in a synthetic maze using optical
flow, at a rate of about one frame per second using 512x512 images [Hub94b]. A genetic
algorithm is used to train the artificial fly’s optomotor response to turbulent air conditions
to prevent collisions with the maze’s walls.

The independence of one pixel’s chosen displacement from all other pixels’ displacements
motivates massive parallel implementations such as the one implemented on the connection
machine [BLP89]. But even these massively parallel implementations are only “close-to-
real-time”. on the order of seconds per frame. Here we define “real-time” in the loose sense
of being fast enough to be calculated on-line and be usable in some reactive system; on the
order of 4-5 frames per second at a minimum.

It is possible to perform the bulk of the computations in customized silicon chips; one
such (partial) implementation has been done in CMOS [C91]. [DW93] calculates structure-
from-motion using the same basic shift-match-winner-take-all algorithm implemented on
the Image Understanding Architecture simulator; they report an estimated 0.34 seconds
per frame using a maximum possible displacement n = 20. [LK93] calculates optical flow
(for the purposes of tracking) within a limited radius (4/- 2 pixels vertically, +/- 3 pixels
horizontally) using a 7x7 correlation window at 10 Hz on 128x120 images using the Datacube

MaxVideo 200.
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Computational issues are discussed in detail in Chapter 5. Certainly, without the luxury
of custom image processors, other techniques must be used for practical operation with
conventional serial computers due to the search-based nature of the optical flow algorithm

itself, which is described next.



Chapter 3

Linear-Time Optical Flow

Since correlation-based optical flow algorithms (e.g. [BLP89al) satisfy the first criteria for
practical robotic vision, that of robustness, we will use it as a starting point. The second
criteria for practical robotic vision is computational efficiency. This chapter will analyze the
computational complexity of the traditional correlation-based optical flow algorithm and

develop a space-time tradeoff to create a very fast, linear-time optical flow algorithm.
3.1 Time-Space Dimensional Reduction

One limitation with the traditional correlation-based algorithm described in Section 2.3
is that its time complexity grows quadratically with the maximum possible displacement
allowed for the pixel; see the left of Figure 3.1. Intuitively, as the speed of the object being
tracked doubles, the time taken to search for its motion quadruples, because the area over
which we have to search is equal to a circle centered at the pixel with a radius equal to the
maximum speed we wish to detect.

However, note the simple relationship between velocity, distance and time :

Adistance

velocity = T
Atime

Normally, in order to search for variable velocities, we keep the inter-frame delay 6t constant

and search over variable distances (pixel shifts) :

Av =22
T



Constant time delay, variable distances. Constant distance, variable time delays.

Figure 3.1: As the maximum pixel shift increases linearly, the search area increases quadrat-
ically. However with a constant shift distance and variable discrete time delays, search over
time is linear.

However, we can easily see from Figure 3.1 that doing so results in an algorithm that is
quadratic in the range of velocities present. Alternatively, we can keep the shift distance éd

constant and search over variable time delays :

Av =22 3.1
YT A (3.1)

In this case, we generally prefer to keep 6d as small as possible in order to avoid the quadratic
increase in search area. Thus, in all examples 6d is fixed to be a single pixel. (Note however,
there is nothing preventing an algorithm based on both variable Ad and A#’s). Since the
frame rate is generally constant, we implement “variable time delays” by integral multiples
of a single frame delay. Thus, we search for a fixed pixel shift distance éd = 1 pixel
over variable integral frame delays of At € {1,2,3,...5}. S is the maximum time delay
allowed and results in the slowest motion calculated, 1/5 pixel/frames. For example, a 1/k
pixel/frames motion is checked by searching for a 1-pixel motion between the current frame
t and frame ¢ — k. Thus our pixel-shift search space is fixed in the 2-D space of the current
image, but has been extended linearly in time. As before, the chosen motion for a given

pixel is that motion which yields the best match value of all possible shifts.
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Figure 3.2: Visualization of motion from image T'— 1: (1,1) to image T (2,0). This would
be an optical flow of (1,-1) pixel/frames motion for pixel image T (1,1).

For example consider Figure 3.2 and Figure 3.3. Here we are trying to calculate the
optical flow for pixel (1,1) at the current frame, image T. In Figure 3.2 the optimal optical
flow for pixel (1,1) from image T — 1 to image T is calculated to be a pixel shift of (1,
1). This is only a temporally local measurement however; it may not be the final chosen
motion. In Figure 3.3 the same search is performed, except using image T — 2 as the first
image. In this case the calculated motion happens to be a pixel shift of (0,1) pixels over 2
frames, equivalently (0,1/2) pixel/frames motion. If the maximum time delay S = 2. then
the procedure would stop here, otherwise we would continue processing frames until finally
the optical flow from image T' — S to image T was calculated as well. The best of all these
motions is taken to be the actual motion.

For a given velocity of 1/6t pixel/frames, we assume that motion is constant for ¢ frames
in order to register a cumulative motion of one pixel. Failure of this assumption can result
in temporal aliasing, discussed in more detail later. [P90] calculates the normal velocity of
edges using temporal-delay sensors which are summed in a later stage to determine actual
motion. The images are first smoothed with a Gaussian to reduce the chances of aliasing

due to multiple edges appearing at a single sensor.
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Figure 3.3: Visualization of motion from image T'— 2: (1,1) to image T (1,2). This would
be an optical flow of (0,1/2) pixel/frames motion for pixel image T: (1,1).

This time-space tradeoff reduces a quadratic search in space into a linear one in time,
resulting in a very fast algorithm for computing optical flow. This partially satisfies the
second criteria for practical robotic vision, that of real-time performance. Performance
issues, particularly hardware considerations, are discussed in detail in Chapter 5.

One factor in producing real-time performance is that the original images are generally
subsampled from 256x256 pixels to 64x64 pixels in size. Ideally, some optimal filtering pro-
cedure would be used to produce these reduced-resolution images, however this is generally
not possible in a real-world situation. This is because the original images must be subsam-
pled on the framebuffer itself in order to reduce the framebuffer to host computer memory
bandwidth requirements (for example, the author’s own system can support a maximum
continuous image rate of about 12 64x64 images per second). The method of subsampling
is not known, but due to limited hardware on the framebuffer itself it is likely to be a simple
technique such as a box filter which performs an unweighted average of the pixels within
the filter area, i.e., most likely a 256x256 to 64x64 reduction is performed by an unweighted
averaging of each subsequent 16x16 block of pixels. Since this system is over five years old,

normal advances in framebuffer technology would be expected to greatly increase this rate.



For the moment however, we will simply have to deal with this loss in resolution. For this
reason as well, all images in this paper that are originally greater than 64x64 in resolution
are subsampled to 64x64 using a box filter, since it is likely the technique used by simple
framebuffers (to use a more sophisticated technique would give an unrealistic advantage to
synthetic and high-resolution images).

When viewing such a subsampled image sequence, it is clear that considerable aliasing
is occuring (see [FvD+90] for details on the problem of aliasing). In fact the aliasing is so
bad one wonders how the algorithm can work at all. Figure 3.4 provides an example of this
problem. On the left. a dark pixel moves between two CCD sensors. In particular, this dark
pixel is split between both sensors during frame 1. This split cannot be represented in an ac-
tual image of the given resolution; however, the CCD sensor must provide a unique intensity
for each pixel location. Thus in the actual image the pixel’s intensity is “split” between hoth
pixel locations. An image sequence {0, 1. 2} would result in a flickering effect as the dark
pixel passed between the two positions. For an algorithm measuring spatial derivatives, this
could result in inaccurate measurements. The linear-time correlation algorithm, however,
does not measure these types of spatial derivatives. Instead, it performs pixel matching
across space and time. In this example, a perfect pixel match can be made between frame 0
and frame 2 (a motion of 1/2 pixel/frames), completely avoiding the difficulties associated
with frame 1.

This algorithm has been successively used on many real and synthetic image sequences
for a variety of real-time robotic vision tasks ([CBQH, [C93]‘ [C94b]; see also Section 6.1).
[Du94a] reports being able to use this optical flow algorithm to instantiate some fly-like
control laws ([War88]) in a small mobile robot. With the camera mounted on top of the
robot, the image information from the camera is fed through the optical flow routine and
the motion information is then used to directly control the robot. With a frame rate of

4-5 frames per second and the robot moving at 4-5 ¢m per second, the robot is able to



Pixel positions. Frame #. Intensity distribution.

Figure 3.4: A dark square moves across a light background. As the square crosses a pixel
boundary, its intensity is “split” between the two adjacent pixels in the image.

successfully maneuver through an unmodified office environment. Recently, [Du94b] has
also been able to use the algorithm to play the game of tag with a cardboard target, and

even with a slow-moving person, using only optical flow for pursuit, docking, and escape.
3.2 Temporal Aperture Problem

The standard aperture problem has already been discussed in Section 2.1. In the temporal
domain, it takes on a slightly different form. In Figure 3.5 there is a contour translating to
the lower-right at a certain speed, such that it requires 6f = 2 time units to translate one
pixel. We expect a match between points A at time T and point B at time T — 2 to be very
close. However, we get another “close” match between points A at time 7T and point C at
time T'— 1. Globally, this motion is not correct, however motion is calculated independently
at each time delay, and locally this false motion has a better match than no motion for that
time delay.

If the contour shown extended infinitely with no end markers or distinguishing illumi-
nation changes, then we would have an instance of the strong aperture problem [BLP89Db],

which in principle cannot be solved. If there is at least some variation of the isocontour



B—>A = correct match
C—>A = false match

Figure 3.5: The Temporal Aperture Problem. The correct motion is B — A, however if our
window in time is too narrow, an incorrect motion C' — A may be detected, because the
contours are similar at points C' and A.

and/or textural differences, then we have an instance of the weak aperture problem, which
can be solved but requires a non-local mechanism. In our case of an area-based correlation
algorithm, our non-local mechanism is the matching window, which has a finite (but usually
sufficient) spatial extent.

In the case of the standard aperture problem, the motion of a contour may be ambiguous
when viewed through a small aperture (or equivalently when our matching window is too
small). In the case discussed above, the incorrect motion of the contour may be detected
when our search “window” through time is too narrow. Thus we call this the temporal
aperture problem. By sufficiently extending our search through time and picking the best
match across time as well as space, we can in general avoid this problem. However, there is

one special circumstance where this approach fails due to temporal aliasing, discussed next.
3.3 Temporal Aliasing

Previously, we have seen that we may solve the aperture problem for most cases by taking
the best match value for a translating pixel in both time as well as space. Unfortunately,

this does not always give the correct result. Examine Figure 3.6. Pixel A translates to pixel
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position at time t-2 : A
position at time t-1 : B
position at time t C
A
motion at time t :
B->C or A->C ?
?
C B

Figure 3.6: Temporal Aliasing. The correct motion is B — (', however A — C may give a
better match. Our solution to the Temporal Aperture Problem would fail for such a case.

B and then to pixel C, as if some object was executing a tight turn. In this diagram, it
might be entirely possible that the A = C motion may yield a better match than B = C.
If this is true, then based on a best-match policy, we would erroneously choose A = C as
the correct motion.

One “obvious” solution is to assume that the faster motions are correct.

It works for this example, and one can argue that the potential for aliasing is only
limited by the sampling rate. Therefore, it might seem that the motion B = C was correct,
based on temporal aliasing arguments. This solution was presented in [CB91], and was a
reasonable solution at the time, because available computational power limited practical
motion detection to a small number of temporal delays. Now however, delays of as much as
6t = 20 frames are practical and have been successfully tested. In these cases, the “fastest
first” rule [CB91] too often selects an incorrect faster motion over a slower, better matching
motion. The Temporal Aperture Problem is an example of this phenomenon.

Our solution to this problem is the following: in cases where the best velocity match
is not in the same direction as the fastest motion for that time frame, then we have an

inconsistency. Either 1) the slower motion is due to temporal aliasing or 2) the faster



motion is due to the temporal aperture problem. To resolve the inconsistency, we perform a
second search over the multiple independent measurements, starting from the best matching
velocity and continuing until the fastest velocity. Among these, we select as the correct
motion the velocity with the best matching value subject to either a temporal consistency
constraint, or the motion satisfies the intent of the “fastest-first” rule. In the former case,
we assume that a motion has temporal support if it the motion at time ¢ is “similar” to that
at time £ + 1. To do this, we perform a “look-ahead” of one frame, and we define “similar”
to be motion in the same direction (i.e. we allow for slight speed variations). In the latter
case, if the motion is in the same direction as the fastest motion in the image, then we
accept it.

Although not guaranteed to be correct, this heuristic has been thoroughly tested on
many natural and synthetic image sequences and seems to perform quite well. Slow motion
is accommodated by the temporal consistency constraint, and faster motions are supported
by the modified “fastest-first” rule. Note that this additional search is limited to the number
of velocities searched over, i.e. it is still a strictly linear algorithm. In addition, we limit our
look-ahead to only one frame. Although techniques that use considerable temporal support
can perform quite well [BFBB92], in real-time robotics it is not acceptable to impose a
latency of a large number of images before a result is produced. The lookahead of a single
image used by this algorithm is a relatively modest requirement. Section 4.4 examines the

effect of the temporal antialiasing heuristic when performing time-to-contact calculations.

3.4 Harmonic Search Intervals

We have seen that by performing searches in time instead of space we can, in theory, convert
a quadratic time algorithm into a linear one. In this section we will more closely examine
this point.

One disadvantage of the traditional algorithm is that it computes image velocities that
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Figure 3.7: Only 1/(frame delay) velocity measurements can be detected in the current
implementation.

are integral multiples of pixel shifts [BLP89a,b] : {1,2,3,...,n} pixels per frame. Although the
algorithm discussed in this paper does calculate sub-pixel motions, it still computes velocities
that are basically a ratio of integers (generally with the numerator equal to one pixel), not a
truly real-valued measurement. Given §d = 1 and discrete frame delays At = {1,2,3,...., S}
equation 3.1 yields {1/1,1/2,1/3,...,1/5} pixels per frame equivalent motion, Figure 3.7.
An immediate consequence of this is that sub-pixel motions are now detectable, correcting
a deficiency of the original algorithm. Although the linear set of velocities may seem more
intuitive than the harmonic series, in fact the latter is often much more suited to the types
of motion found in real vision problems.

One example is shown in Figure 3.8 [Nal93]. If the velocities in the image are small, we

can approximate

30



- scene point

focus of projection
at time t+1

VAL

focus of projection
at time t

Figure 3.8: [From Nalwa 93] Change in visual angle is inversely related to depth.
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where 6 is the visual angle (although visual angle is a measure used with spherical per-
spective projection, rather than planar perspective projection which is more appropriate
for a machine vision system, they are approximately the same near the line of sight where
tanf = 6. Although the former has the advantage of being indepeundent of any coordinate
system, the latter more accurately characterizes a machine vision system. See also [T91],
Appendix).

The motion of a point in an image for a moving camera with line of sight orthogonal to the
direction of motion is inversely proportional to a point’s distance from the focus of projection,
and can be used to determine depth; for example see Figure 3.9. This algorithm, which
compttes velocities inversely proportional to the discrete frame delays At = {1,2,3,...5} is
therefore very well suited to computing depth via motion parallax. It would be much more
awkward to attempt to calculate motion parallax using a linear set of motions {1,2.3, ..., 5}

pixels per frame. Although there is a sine factor in equation 3.2, note that sine “degrades
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Figure 3.9: Depth from motion parallax. Camera is translating left, with the resulting
optical flow and grey-level shaded relative depth map.

gracefully” with small deviations from 90 degrees, e.g : a 10 degree deviation from orthogonal
motion to the line of sight is a factor of 0.985, and a 20 degree deviation (quite large for
even a moderately calibrated mobile robot) still yields 0.94. Even a very large 30 degree
deviation from the orthogonal yields only a .866 factor. To complete the argument, even
if the deviation was a ridiculous 45 degrees (i.e. the robot was heading as much parallel
to the line of sight as orthogonal to it!) the factor is still only 0.707. Thus, we do not
need anywhere near perfect orthogonal motion to make practical use of depth from motion
parallax.

It should be noted that it is not necessary to limit the measured velocities to a strict
harmonic sequence. Given that the motion to be detected lies within our slowest and fastest
measurements (1/1 and 1/5 pixels per frame), and in the absence of bad spatial aliasing,
we need only make measurements as precisely as we need. For example, we could detect
a range of velocities v = {1/1,1/2,1/4,1/8,..,1/(21129251)} pixels per frame. In effect, this
means that we have the option of detecting up to a quadratic range of velocities, again
at only a linear-time cost. Of course, the resolution within these ranges is reduced by the

same factor, but this may be a useful trade-off for a particular application. Conversely, it is



generally not possible for the traditional algorithm to “skip” pixels, since the actual motion

may be missed. Section 4.2.3 discusses these issues in more detail.
3.5 Summary

The space-time tradeoff discussed in Section 3.1 allowed the development of an optical flow
algorithm that was linear in the range of velocities detected, rather than quadratic as in the
traditional algorithm. Unfortunately, dealing with time in this new manner introduces the
problems of temporal aliasing and the temporal aperture problem, which were addressed by
adding heuristic temporal antialiasing to the linear-time optical flow algorithm. Adding time
to the search space also had some unexpected beneficial side effects, as noted in Section 3.4.

One disadvantage of the patch-matching approach is that the basic motion measure-
ments are integer multiples of pixel-shifts. Although the linear-time algorithm discussed in
this thesis does calculate sub-pixel motions, it still computes velocities that are basically a
ratio of integers (generally with the numerator equal to one pixel), not a truly real-valued
measurement. Although calculating real-valued optical flow measurements may be possible
by using interpolation, this remains future work. In addition, the angles computed in the
current implementation are only the eight nearest-neighbor pixels for eight possible angles
of motion (plus the possibility of no motion). Increasing angular accuracy may also be
possible by interpolating pixels, however this too remains as future work. Although it is not
always necessary to have accurate optical flow to perform such functions as obstacle avoid-
ance ([NA89]), Chapter 4 demonstrates that despite these deficiences remarkable accuracy

may still be achieved in the context of calculating time-to-collision.
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Chapter 4

Time-to-Contact

One application of optical flow is time-to-contact, sometimes pessimistically referred to as
time-to-collision or time-to-crash [Lee76]. [T90]. Using only optical measurements, and
without knowing one’s own velocity or distance from a surface, it is possible to determine
when contact with the surface will be made. Time-to-contact provides an excellent test for

an optical flow algorithm, and will be the primary example used throughout this thesis.
4.1 Calculating Time-to-Contact

The primary example of quantitative computer vision used throughout this thesis will be
the calculation of time-to-contact during a collision sequence of a small mobile robot with
a sweatshirt draped over a chair as in Figure 4.1 (many qualitative examples also appear in
[C93]). The sweatshirt is used so that there is large enough of a surface area, and so that
the robot’s camera can actually make contact with the sweatshirt safely without risk to the
camera or robot. The sequence begins with frame 0 on the right of Figure 4.1.

The robot began about a meter and a half away from the chair, and translates at a rate
of approximately 5 cm per second. The frame rate is about 5 frames per second, so each
frame represents about 1 cm of actual translation. (All measurements are subject to the
limits of the accuracy of the robot’s gears and the reliability of UNIX's timing commands.)

The camera’s lens has a field of view of 60 degrees, however only the central 256x256 pixels
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Figure 4.1: Time-to-contact experiment. Sweatshirt is draped over a chair on left. Frame 0
of sequence shown on the right.

of an original 512x512 image were used in subsampling to 64x64. Figure 4.3 shows the
image of the chair at frames 12, 41, 96, 126, 134. and 139. Note the very low contrast of the
sequence; gradient and especially second-derivative techniques such as [Nag87] which suggest
calculating flow at grey-level “corners” would not find any such high-contrast locations in
these images, once the chair fills the field of view. Although contrast-sensitive elementary
motion detectors may be sufficient for very small (and lightweight) insects such as the fly
([Bor90], [EB93]) they are clearly insufficient for mobile robots. In addition, note that the
image is badly out of focus close to the target.

Actual contact with the sweatshirt was made somewhere between frames 141 and 142
(nominally 141.5). Thus we would want our time-to-contact algorithm to determine, at
every point during the sequence, that the contact point is around frame 141.5 (i.e. the
current frame number plus the current time-to-contact in frames). For this sequence the
slowest velocity searched for, 1/5, was set to 1/10 pixel/frames.

Figure 4.2 describes the optical geometry (the classic reference for the image-plane coor-
dinate system is [LP80]). A point of interest P at coordinates (X,Y,Z) is projected through

the focus of projection centered at the origin of the coordinate system (0,0,0). P is fixed in
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Figure 4.2: Optical Geometry for time-to-contact. See text for details.

physical space and does not move. The origin/focus of projection, however move forward
with a velocity %' If the camera is facing the same direction as the direction of motion,
then this direction is what is commonly known as the focus of expansion (FOE), since it is
the point from which the optical flow diverges. (In the case of mobile robotics, it is quite
reasonable to assume that the camerais in the same direction as the direction of translation;
we do not have to solve the general case of egomotion in order to exhibit useful behaviors.)
The image plane is fixed at a distance z in front of the origin; for convenience, we set z = 1.
(The actual value of z would depend on factors such as the focal length of the camera.)
This image plane moves along with the origin. P projects onto point p in this plane. As the

image plane moves closer to P, the position of p in the image plane changes as well. Using

similar triangles :

Differentiating with respect to time [where & represents ‘(]1—;
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Figure 4.3: ITmages of the chair (in row-major order) at frames 12, 41, 96, 126, 134, and 139.
Note the extremely low contrast of the sequence.



Since P is immobile, set ¥ = 0 and substituting (yZ) for Y :

)

NN

7 =—y(

Finally divide by y and take the reciprocals of both sides :

y__Z_
== (4.1)

The quantity 7 is known as the time-to-contact [Lee76]. Note that the left hand side
contains purely optical quantities, and that knowledge of 7 does not give any information
about distance or velocity per se, but only of their ratio. The left-hand side of equation 4.1
gives us a method for calculating time-to-contact : for a camera heading in the same direction
as the FOE, pick a point in the image, and divide its distance from the FOE by its divergence
from the FOE.

This requires first calculating the FOE. Ideally, we could simply take the intersection
of any two optical flow vectors, but due to measurement errors this would be inaccurate,
and in the case of this particular algorithm it certainly would not work, since the velocity
measurements are limited to only eight directions (and zero). [TGS91] uses a least-squares
approximation to the intersection of all the available optical flow vectors. [P92] uses sev-
eral direction-selective and speed-tuned sensors without assuming that accurate velocity
information is available. Since the optical flow vectors at various points in the image can
be treated independently, heading determination can be calculated with a two-layer linear
neural network [HW91]. [RL85] computes the FOE in cases where there is a rotational
component present by calculating the difference vectors || Aj;u || of the optical flow vec-
tors in a local area to a given vector. The largest of these vectors should correspond to
depth discontinuities, where the vector differences should be greatest. A least-squares fit is
performed for those vector differences above a certain threshold. This is true regardless of

rotational motion, since the latter adds the same motion component regardless of the depth
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variations in the image [LP80]. There is psychophysical evidence supporting this differential
motion method of separating the rotational and translational components of the flow field
[WHS9]. [Hil91] extends the approach of [RL85] by considering moving objects in the image
as well. Siuce the chair in Figure 4.1 used in the time-to-contact experiments represents a
flat surface, techniques based on differential motion cannot be used for this example.

It is possible to calculate the FOE directly without computing the intervening optical
flow. [NG92] discusses a method for calculating the FOE using the assumption that calcu-
lated depth should always be positive. The image brightness constraint equation proposed

by [NH87] reduces in the purely translational motion case to :

c+%(s-t)=0 (4.2)
where ¢ is the temporal derivative of the image intensity function E(x,y.t), t = (t1,t2,t3)
is the instantaneous translational velocity of the camera relative to a stationary scene,
Z(x,y) is the depth map of points in the scene, and s = r x E, where E, = (E,, E,,0) is
the spatial gradient of F at image point v = (2,y.2) = (2,y,1) at time t. (As usual, z is
set to 1 without loss of generality.)
For each estimated motion f = (t, %2, tAg) equation 4.2 yields a depth map :
1 .

Z=-=(s-1) (4.3)

C

except where ¢ vanishes, Thus are an infinite number of {{. Z} solutions to equation 4.2.
[NH87] shows that for an incorrectly calculated FOE, there is a corresponding cluster of
mostly negative depth values along the “FOE constraint line” which connects the actual
FOE with the computed FOE. In addition, clusters of positive depth values are expected
on either side of the negative cluster along the FOE constraint line. A vote for the actual
FOE may be calculated by computing several candidate FOE’s, computing depth estimates

within a small radius, and constructing a line that intersects the centroids of the positive and
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negative depth clusters; this line is ideally coincident with the FOE constraint line. Several
such FOE estimates can be made, with the actual FOE taken to be their intersection. For
robustness, [NG92] uses only the sign of the depth values and not their magnitudes.

This algorithm can take advantage of the X-Y component representation of the optical
flow vectors. In the case of translational motion and a single object filling the field of
view, the FOE may be calculated by averaging the X and Y components of all the optical
flow vectors, treated as unit vectors, and treating the average as an offset from the line of
sight, which is assumed to be straight forward. The vectors are treated as unit vectors for
robustness, i.e., vectors close to the FOE (or far away from the FOE) are not penalized by
some factor related to their magnitudes. This gives an initial estimate for the FOE. Then
the estimate is refined by averaging the flow vectors within a window of half size on each
edge until the window size is only 4x4 pixels. This method is very simple and extremely
fast. and produces visually accurate results for most cases, especially with images with low
noise. Unlike gradient-based approaches (such as [NG92]), the patch-matching nature of
this algorithm is largely insensitive to local contrast. The use of the entire dense optical
flow field is supported by [WHS89] which presents psychophysical evidence that observer
performance in heading estimation decreases with a decrease in the density of the optical
flow information available.

The optical flow for at several points in the collision sequence are shown in Figures 4.4-4.6
along with the calculated FOE.

From equation 4.1 and Figure 4.2 we can see that the expected divergence of any point
along a circle of a given radius should be equal; e.g., given the assumption of a flat surface
and a direct approach the divergence of any point A should be equal to that of point P.
Therefore, it is justifiable to average the optical low measurements along the circumference
of any circle of a given radius, centered at the FOE, to get a single real-valued measurement

for ¢ in equation 4.1. The number of individual measurements used in this thesis is 4 times
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Figure 4.4: Optical flow of the collision sequence at frames 12 and 41.
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the radius in pixels, i.e. 4 measurements for a one-pixel radius, 8 for a 2 pixel radius,
up to 124 for a maximum 31-pixel radius. In this case, each “individual” measurement
is in fact the weighted averaged of the four nearest pixels to that actual real-coordinate
point in the image (Figure 4.7. This weighted averaging method has many of the desirable
properties of the “weighted area with overlap” sampling filter described in [FvD+90] (p.132
and p.617) but has the advantage of being extremely fast to compute (only a few floating
point subtracts, adds and conversions to integer). In addition, any motion along a diagonal
must be considered to be v/2 times the normal magnitude value, since images are generally in
a square tessellation. Quantity y in equation 4.1 is then simply the radius of that particular
circle, and then finally a single measurement of time-to-contact is calculated by 7 = y/y.
The number of independent time-to-contact measurements available is only limited by the
image size, and the position of the FOE. If the FOE is roughly centered, then for a X*X
size image we might expect X/2 measurements to be available. If the FOE is not centered,
then there may be fewer measurements which can be made in image itself. Experiments
with synthetic images have shown the algorithm to be robust with respect to non-centered
FOE’s, as long as the FOE is located in the image itself.

Figure 4.8 shows grey-level shaded histograms of the distribution of velocities for each
given radius, for frames 12, 41, 96, 126, 134, and 139 of the collision sequence. Ideally, this
would be a straight line intersecting at the origin of the graph. Of course the algorithm
only computes motions that are 1/T pixel/frames, so this is not the case. However each
individual motion measurement actually consists of the weighted average of the four nearest
pixels, so there is a distribution of motion measurements rather than just the 1/T or \/§/T
pixel /frames quantizations. Not surprisingly however motions corresponding to “pure” har-
monic velocities (i.e. all four pixels were the same velocity) dominate (the largest of which
are noted in the figure).

For frame 134 in Figure 4.6 the maximum motion is about 4 pixels/frame at a radius of
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Figure 4.7: Calculation of weighted average of the four pixels closest to a real-valued coor-
dinate. Note that a pixel’s coordinate refers to the center of that pixel’s physical area.

30 (given a time-to-contact of 7.5 frames). Although this motion is much greater than can
be detected with the current implementation, the direction of motion is still visibly correct
(to the nearest 45 degree quantization), even for this very fast motion. Thus it is entirely
conceivable to have an extension to this algorithm which calculates greater-than-one-pixel
motion using the 1-pixel motion as an initial guess to limit the search space and resulting
quadratic running time. In this case, we would limit the motion search to a “cone” of fixed-
pixel width along the direction predicted by the 1-pixel motion search. This would keep the
linear-time and constant-angular-precision properties of the original algorithm.

The current implementation however is limited to a maximum velocity of one pixel per
frame along any of the four cardinal directions (NEWS). Along the diagonals, the maximum
velocity is /2 pixels/frame, however when the actual motion for points along a circle of a
given radius exceeds one pixel per frame (for the current implementation), the optical flow
in the NEWS directions saturates, yielding slower than actual optical flow, and thus a
longer than actual time-to-contact. For the current problem, we will simply not consider

measuring the time-to-contact for radii whose averaged motion results in greater than one
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Figure 4.8: Grey-level histograms (in row-major order) of individual optical flow measure-
ments for frames 12, 41, 96. 126, 134, and 139. The histograms have been brightened with
gamma factor 2 to enhance visibility.
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pixel per frame. Since we are using the averaged motion, it is possible that the distribution
of velocities are such that some 1.0-pixel/frames motion are saturated hefore an average of
1.0 pixel/frames motion is reached, however the effect seems small enough to safely ignore.
Figure 4.9 shows the averaged motion measurements as a function of the radius, or distance
from the FOE. The horizontal line represents a motion measurement of 1.0. Where these
motion measurements cross this line places an upper bound on the radius of the circles
used to measure time-to-contact; this upper bound is drawn as a vertical line drawn from
above the time-to-contact best-fit line. Since the expected TTC is naturally reduced by 1
frame per frame, the distance at which 1.0 pixel/frames motion is reduced by one pixel per
frame according to equation 4.1, and thus this threshold cutoff point is itself expected to be
reduced by one frame per frame. Even when only 2.5 frames away from collision, there are
enough valid measurements for an accurate time-to-contact calculation.

The low (left) end of the chart represents very slow velocities near the FOE. Since
in practice we limit the velocity search to some lower bound, these slow velocities may
be slower than can be detected. However, the slowest velocity that is detected may give
a better match than no motion, thus these pixels’ velocities may be rounded up to 1/8
pixels/frame, yielding a lower than actual time-to-contact for that radius. Thus it is often
useful to set some lower velocity threshold below which time-to-contact measurements will
not be considered, since they are likely to be inaccurate. Rather than setting a threshold on
the individual measurements, we set a threshold on the averaged measurement for the entire
circle. This allows the slowest velocities to participate in the distribution of velocities for a
circle of a given radius, as in Figure 4.8. Although there currently is no automatic mechanism
for setting this threshold, values from 1.6 to 1.8 times the slowest velocity checked for in
the image have been successful. In addition, experiments show that there is a point where
increasing the threshold has little effect on the measurements (for those frames where the

object fills the field of view). Thus it could be possible to adaptively set this threshold as
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Figure 4.9: Histograms of averaged optical flow measurements (in row-major order) for
frames 12, 41, 96, 126, 134, and 139. Each measurement is the weighted average of the
measurements shown in Figure 4.8.
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well. Figure 4.9 shows this cutoff point as the lower horizontal line. Even at the beginning
of the sequence when only a few measurements are above threshold, the time-to-contact
measurement is quite reliable. Together these two thresholds eliminate measurements that
are outside the optimal range of {1/1,1/2,...,1/5} pixel/frames.

By calculating an estimate of time-to-contact along the circumferences of circles of mul-
tiple radii, we can compute several independent estimates, and take some best-fit measure
among them. In this case a robust maximum-likelihood estimate is used [H81]. This form
of regression, unlike the standard least-squares estimate case, has the desirable property
that outliers have only a minimal (non-linear) affect the final result. For standard statis-
tical measurements. it might be unwise or unscientific to treat suspect data with anything
other than total equality with the rest of the data set, but in this type of problem it is a
simple fact that there are measurements which simply “deserve” to be thrown out. One way
to approach this problem is in two separate steps, outlier rejection followed by a classical
estimation technique. [H81] argues against this approach, noting 1) it can be difficult to
cleanly separate these two steps, given that the definition of outliers depends on some initial
estimate in the first place, 2) the cleaned data will not be normal (statistically, some good
data will have been eliminated and some bad data retained), and 3) empirically, the best
two-step estimators do not perform as well as the best robust estimators. This author’s own
experience with both approaches agrees completely with this argument; in fact, the latter
approach was adpoted for precisely this reason!

A detailed explanation of the implementation of robust maximum-likelihood estimation
can be found in Appendix A. For the moment, it is important to note that the imple-
mentation is an iterative procedure requiring an initial estimate. In this case an excellent
initial estimate is the geometric mean of the 31 (or less) measurements (one per radius
length). The procedure generally converges after only 4-6 iterations, and since there are

only 31 measurements, time to convergence is negligible. Although the geometric mean
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itself does tend to attennate the effects of outliers, it alone does not yield the performance
of the robust maximum-likelihood regression procedure. In general, a slightly better ini-
tial estimate could be provided by noting that the measurements close to the FOE tend
to be higher-than-actual optical flow due to a rounding-up of velocity measurements, yield-
ing a shorter-than-actual time-to-contact. However, the extremely fast rate of convergence
given the geometric-average initial estimate does not justify any additional problem-specific
information at this particular stage.

Figure 4.10 shows the time-to-contact measurements for each radius for several frames in
the collision sequence. Each measurement results from applying equation 4.1 to Figure 4.9.
The vertical line represents the 1.0-pixel/frames upper threshold, the dotted horizontal line
represents the initial estimate, and the solid horizontal line represents the final maximum-
likelihood estimate for time-to-contact. No lower-bound thresholds were used. The plots
for frames 134 and 139 have only a few valid measurements less than 1.0-pixel/frames, so
for enhanced visibility only the lower left-hand quarter is shown, zoomed in by a factor of
two.

Figure 4.11 includes the lower-bound threshold of .183 pixel/frames, shown by the verti-
cal line meeting the time-to-contact estimate from below. In many of these cases the initial
estimate is within a frame of the final maximume-likelihood estimate and thus is represented
by the same horizontal line. Examining this figure, there is generally a drop in the time-
to-contact measurements corresponding to motions below the lower-bound threshold, due
to the “rounding up” of the slowest velocities near the FOE. The location of this sudden
drop could possibly be used to adaptively set value of the lower-bound threshold as well.
(Although [H81] argues against an explicit outlier rejection step before maximum-likelihood
estimation, this situation differs somewhat in that there is prior knowledge of the nature of
the outliers in this case.)

Figure 4.12 left shows a plot of these best-fit time-to-contact measurements against the
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Figure 4.10: Time-to-contact estimates (in row-major order) for frames 12, 41, 96, 126, 134,
and 139. No lower-bound thresholds were used.
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Figure 4.12: Results of time-to-contact experiment for “fast” collision sequence. Left figure
is a plot of instantaneous time-to-contact vs. frame number. Right figure is similar except
that each value represents the average of the current and previous 7 instantaneous time-to-
contact measurements.

current frame number. The actual contact point is somewhere between frames 141 and
142, so for the purposes of this graph was arbitrarily set to 141.5, represented by the solid
line from (0,141.5) and (141.5,0). The jagged nature of this plot suggests aliasing due to
“jumps” of the velocity measurements at various positions in the image from 1/S (or \/5/5)
pixels/frames to 1/(S—1) (or v/2/(S—1)) pixels/frames as the target is approached, but this
has not been confirmed. In any event, we can take an average of the last n time-to-contact
measurements as the final measure of time-to-contact. For examples in this paper, n = 8,
and the final result is shown in Figure 4.12 right. The time-to-contact calculations were
computed offline and can be computed at 4 frames per second on a Sun Sparcstation 10/41
(all the time-to-contact calculations are roughly equivalent in CPU time to calculating a
single speed of optical flow).

Most of the measurementsin the last 100 frames are within a frame of this value, and the
average is 140.86 with standard deviation 0.91 frames. The average for the last 50 frames is
141.43, with standard deviation 0.52 frames. In addition, measurements are valid up until 2
frames before contact (invalid measurements are clearly labeled as such by the algorithm).

Clearly, integrating across space and time more than compensates for the non-real-valued
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measurements of the linear-time optical flow algorithm.

These results compare favorably with other techniques reported in the literature. [UGVTS8S]
calculates time-to-contact in a real image sequence using a second-derivative method and
reports an error of 2.2 time steps at a distance of 31.1 time steps away from contact when
measured over a 10x10 optical flow vectors, with a standard deviation of 2.8 time steps.
[TS91] simplifies the calculation of time-to-impact by using velocity represented in a polar
coordinate system, and computes a coarse hazard map using computational time on the
order of one minute on a Sparcstation 1. [HG91] reports accuracy of better than 1% at
distances of 15 meters down to 2 meters from the target using recursive filtering of subpixel
measurements of features in the image, using a real-time image processor. Although good
results such as these can be achieved using large (40cm by 40cm is quoted) and presumably
high-contrast patterns, it may not be realistic to assume that subpixel measurements of
image features are possible in the general case. It would be very difficult to locate any dis-
tinctive features in Figure 4.3, and extremely difficult if not impossible to localize them to
subpixel resolution. [AP93] uses Green’s theorems and a one-dimensional correlation-based
optical flow technique to estimate the divergence of the optical flow field by integrating the
optical low normal to a closed contour; for the application of time-to-contact they report
errors on the order of 10%.

There are two issues worth mentioning here. First, we assumed that the optical flow at
each point along the circumference each circle of a given radii is normal to that circle, and
pointed away from the FOE. Clearly, with only 8 directions available, this will not be true
in general. We are hoping that “on average” the directions of the flow vectors are correct.
Second, the magnitudes of the optical flow vectors are also quantized, and will themselves
not be accurate. In addition, those that are directed along a diagonal count for v/2 times as
much motion as those directed along a cardinal direction. We are again hoping that the flow

will be evenly distributed around the correct value. It is not obvious that the optical flow
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measurements will be well-behaved in this manner, so it must be verified experimentally.

Some vectors will be totally incorrect, and point towards the FOE. In all cases however
only the absolute magnitude of the vector is taken (and implicitly assumed to be normal to
the circle of that radius). Since each “individual” measurement along the circle is actually
the weighted average of the four nearest pixels, it is not very practical to disallow measure-
ments based on one or two that point towards the FOE or are otherwise not close to normal
to the circle at that point (although such a mechanism could be implemented).

This is not the only way to approach this problem. Another option is to average the
motions across the entire image, rather than along individual circles of a given radius, and
then a best fit among these measurements. Performing the averaging in two steps, however,
enables us to set the thresholds we described above and conveniently eliminate points that
vield measurements that fall outside the optimal range of {1/1,1/2,....1/S} pixel/frames.
It also allows us to visualize the optical flow algorithm as a function of distance from the
radius. Finally, placing points that are a constant distance from the FOE into a single
equivalence class yielding a single measurement results in a dimensional reduction which
results in finding the maximume-likelihood estimate of only up to 31 measurements (the
maximum radius used for a 64x64 image) instead of up to 4096 individual points (minus
those in the border area). This makes the computation time for finding the maximum-
likelihood estimate negligible, given the usual fast convergence.

Consider again equation 4.1. As a robot approaches an object with constant velocity and
constant frame rate, the time to contact in frame units, 7, would be expected to decrease
by 1 per frame : 7=k, k— 1,k —2,...,2. 1. If the image distance from the FOE of a given
point is y, then the image motion at this point (and around a circle of this radius) y would

follow a sequence of :

Y Y Y

—
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Figure 4.13: Results of imminent collision experiment. Full sequence is shown on left; note
that the object did not fill the field of view until about frame 40. Right graph shows special
“imminent collision” detector.

This is a harmonic sequence multiplied by the constant y. Thus, it may be possible
to create a special-purpose time-to-contact detector which looks for this special sequence
of motion at a given radius y from the FOE; such a sequence might result in more stable

time-to-contact calculations.

4.2 Selection of Velocities Detected

Section 4.1 calculated time-to-contact in a given collision sequence of 142 frames, using
a maximum S value of 10, yielding the velocities {1/1,1/2,...,1/10} pixel/frames. This

section will examine the ramifications of choosing a different values of S.

4.2.1 Imminent Collision results

An accurate calculation of time-to-contact in Section 4.1 requires a relatively large S of
10 (i.e., motion as slow as 1/10 pixels/frame) to achieve high resolution far away from the
target. This resolution is not required, however, if the robot starts out much closer to the
target. As an exercise, the linear-time optical flow algorithm was run on the same data with
S = 1. While only measuring one speed, and calculating time-to-contact, the algorithm can

run at over 22 frames per second on a Sun Sparcstation 10/41. In addition, note that since
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Figure 4.14: Results of time-to-contact experiment for “slow” collision sequence. Left figure
is a plot of instantaneous time-to-contact vs. frame number. Right figure is similar except
that each value represents the average of the current and previous 7 instantaneous time-to-
contact measurements.

there is no temporal aliasing possible with only one detected speed, there need not be the
one frame lookahead as is normally done, thus even this small latency is eliminated. The
average for the last 10 valid time-to-contact measurements (up to 5 frames before contact)
is 141.38, with standard deviation 0.26 frames. Thus this algorithm would appear to be an

excellent candidate for an “imminent collision” detector.

4.2.2 Slow Sequence

The collision sequence used in Section 4.1 consisted of 142 frames, at a frame rate of 5 frames
a second and 5 cm/sec motion, and a value of S = 10 was used to detect motion. A second
sequence was taken with the velocity of the robot cut in half, providing a sequence of 283
frames hefore collision, with each image representing .5 cm of robot translation. S was set to
20, i.e. the slowest motion detected was 1/20 pixels/frame, or only .05 pixels/frame motion.
The lower-bound threshold was arbitrarily set to .080. Figure 4.14 shows the instantaneous
and averaged measurements for this sequence.

For comparison, the same sequence is tested in Figure 4.15 with S = 16 and S = 20,
both with no threshold. Note that results improve with a S value of 20 over an § value

of 16; i.e. this implies that the algorithm is valid for motions as slow as .05 pixels/frame.
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Figure 4.15: Results of time-to-contact experiment for “slow” collision sequence for S = 16
and § = 20, and no threshold.

(The lower-bound threshold still improves performance however). Note that the algorithm
gives a time-to-contact result that is within 1-5% of actual well over 200 frames away from

contact.

4.2.3 Velocity-subset results

Asnoted in Section 3.4, it is not necessary to calculate all velocitiesv € {1/1,1/2,1/3,...,1/S}
pixels/frame. If a velocity 1/k is omitted, then ideally any pixel that would have been as-
signed velocity 1/k will be assigned a velocity 1/(k — 1) or 1/(k + 1) instead. Our basic
assumption in performing matchesis that the motion with the best match value is the correct
motion; we do not make any assumptions about the remaining match values (in particular
about any “next best” matches). The fact that the match values themselves are not re-
quired to be a correct reflection of what these values “should” be is a tremendous advantage
of this algorithm. Gradient-based approaches employing the intensity constraint equation
generally require that the measured grey-level intensity values of individual pixels are in
fact accurate and stable from one frame to another, otherwise numerical differentiation will
fail.

Conversely, the correlation-based algorithm only requires that the correct motion have

the best matching shifted patch value. This approach basically assumes that there be a
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Figure 4.16: Greyscale log plots of the magnitude of the motion vectors for frame 126
using velocities {1/1,..,1/10} ezcept for 1/2 pixels/frame. Left plot is without heuristic
antialiasing, right is with.

tested motion somewhere near the actual motion. However, if the algorithm is run without
attempting to calculate a given velocity 1/k, a pixel with actual velocity near 1/k may have
an incorrect velocity (in particular one that is neither 1/(k—1) or 1/(k+1)) chosen instead.
Figure 4.16 shows a greyscale log plot of the magnitudes of the motion vectors for frame 126
of the standard collision sequence of Section 4.1, using the normal parameters, except that
velocity 1/2 pixels/frame is omitted. The left of Figure 4.16 is without temporal antialiasing,
the right is with temporal antialiasing. Many of these slower, incorrect velocities fail the
“fastest motion direction or continuity” check of the temporal antialiasing heuristic, and
are corrected by the antialiasing. The effectiveness of the temporal antialiasing on the
time-to-contact calculations is discussed in detail in Section 4.4.

Figure 4.17 shows the results for the entire collision sequence using the normal param-
eters, except that velocity 1/2 pixels/frame is omitted. The left of Figure 4.17 is without
temporal antialiasing, the right is with temporal antialiasing. In both graphs, there is a
crossover point where the time-to-contact changes from too high to too low, resulting from
detected motion that is too slow or too fast respectively. Before the crossover point (ear-

lier in the sequence), velocities lower than 1/2 pixels/frame are sometimes selected for an
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Figure 4.17: Time-to-contact experiment using velocities {1/1,..,1/10} except for 1/2 pix-
els/frame. Left is without heuristic antialiasing. Right graph is experiment with antialiasing.

Figure 4.18: Greyscale log plots of the magnitude of the motion vectors for frame 126 using
velocities {1/1,..,1/10} with 1/2 pixels/frame (left) and without (right).

actual velocity 1/2 pixels/frame since that velocity is not available for the algorithm. In
particular, velocity 1/3 pixels/frame is often chosen. After the crossover point, velocity 1/1
pixels/frame in often chosen instead of 1/2 pixels/frame, resulting in a higher than actual
motion and subsequent lower time-to-contact.

At higher actual velocities, the slower speeds do not give good matches, and are not
chosen (even without the temporal antialiasing). At frame 126, the effects about cancel
(Figure 4.18).

Figure 4.19 shows the results of the fast collision sequence with the normal parame-

ters except that 1/3 pixels/frame is not calculated (left) and 1/4 is not calculated (right),
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Figure 4.19: Time-to-contact experiment using velocities {1/1,..,1/10} except for 1/3 pix-
els/frame (left) and 1/4 pixels/frame (right).

respectively.

4.3 Robustness Versus Noise

Real-time robotic vision has two essential requirements, real-time performance and robust-
ness in real-world situations. The former condition has been addressed by the development
of a linear-time optical flow algorithm. The second condition demands that algorithms be
extremely robust against noise. In particular optical flow methods based on numerical dif-
ferentiation are notoriously sensitive to noise. Although high-resolution CCD cameras are
available, they can be very expensive. Optical flow methods employing extensive filtering
can be very accurate but are computationally intensive [BFBB93]. Even considering the
yearly exponential growth in available computational power, practical applications may still
be elusive considering the cost of a quality CCD camera and high-resolution framebuffer.
The following examples demonstrate the algorithm’s degradation of performance for the
time-to-contact experiment of Figure 4.12 given dropped bits of precision, additive Gaussian
noise, and additive, evenly distributed random noise. For reference, the noise distribution
of the sequence was estimated by calculating the standard deviation of the pixel intensity

differences between pairs of still images at the very beginning of the sequence (before motion
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Figure 4.20: Time-to-contact experiment with “fast” sequence with 6-bit, 5-bit, 4-bit, and
2-bit precision images. S was set to 10, and lower threshold = .183.

began) using the identity :

Sa(X) = V/(Sa(X1)? + Sa(X2)?)/2

where Si( X, )2 + 5(1(X2)2 is the measured variance of the image pair differences (assuming
two equal, independent noise distributions X7 and X5). For this sequence the noise appears
to be approximately Gaussian distributed with a standard deviation of about 1.660; thus,
the “actual” noise of the fast collision sequence is roughly an additional 1.660 above any
added noise and/or degradations.

Normally, each pixel’s grey-level intensity is represented by a value in the range of
{0,..,255}, which is representable by an 8-bit unsigned integer. Figure 4.20 demonstrates

the algorithm’s performance with the fast collision sequence reduced to 6, 5, 4, and 2 bits



of pixel data per frame (a maximum of 64, 32, 16, and 4 grey-level values respectively).
Bits were “rounded” based on the value of the next most significant bit. There is virtually
no degradation of performance at all at 7 bits precision (not shown), very little at 6 bits
precision and the results degrade gracefully with further reduced precision. In general, only
about half of the possible grey levels are actually used by a particular image in this sequence
for a given bit precision.

It is particularly interesting to note the performance of the algorithm with the precision
reduced to only 2 bits. The extremely limited resolution of these images is evident in
Figure 4.21. In fact, the vast majority of the image sequence actually only uses 2 colors,
corresponding to grey levels 128 and 192 respectively, and are thus effectively 1-bit bitmaps.
Clearly, with only 2 grey levels to use, techniques based on numerical differentiation cannot
be used (and are undesirable with less than 8 bits precision anyway [To92b]). However, the
pixel-matching technique can still be successful based on the simple argument presented in
Figure 3.4. Given that the images are effectively 1-bit, the algorithm could be viewed as
performing a degenerate form of binary feature matching, as in [BLP89a]. [ZL93] notes many
of the computational advantages in using a 1-bit feature map (in their case, an edge map)
over full 8-bit grey-level images. The optical flow for these images is shown in Figures 4.22-
4.24.

For the fast collision sequence, the time-to-contact value is at worst about within a factor
of 2 of the correct value and becomes more accurate as contact approaches. At 90 frames
away the algorithm produces a time-to-contact 70% of actual, and at 50 frames away it is
85% of actual. At 40 frames from contact the algorithm is within three frames of actual,
and at 25 frames from contact it is within a single frame. The algorithm maintains this
accuracy up until two frames before contact (same as that for the full-resolution sequence),
at which point it diverges slightly.

If the object is known to be close, then the detection of slower motion may be omitted
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Figure 4.21: Image of the chair (in row-major order) at frames 12, 41, 96, 126, 134, and
139 reduced to only 2 bits of precision. The majority of the images actually only use 2 grey
levels, and are effectively 1-bit bitmaps.
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Figure 4.22: Optical flow of the collision sequence for frames 12 and 41 reduced to 2 bits

precision.
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with only a minimal loss of accuracy. For example, the algorithm run on the fast colli-
sion sequence reduced to only 2 bits precision (effectively 1-bit), calculating 4 speeds per
frame, can run on a Sparcstation 10/41 at 10 frames per second, and produces subframe
accuracy for the last 15 frames of the sequence (excepting the very last two frames before
contact). The fact that such accuracy is possible given such poor input data, only four
detected velocities (1,1/2,1/3,1/4) and only eight directions suggest relatively simple hard-
ware implementations, in terms of modest computational power, low-quality CCD camera,
and low-precision framebuffer requirements. An important point here is that we are not
merely using some “quick and dirty trick” to determine time-to-contact, nor are we tracking
the motion of feature points, which might be undesirable due to the difficulty of extracting
reliable feature points (and assuming that there are enough such points in the image for
subsequent processing). We are using the same exact optical flow algorithm, just on very
poor data.

Figures 4.25, 4.26 demonstrates the algorithm’s performance with 2, 4. 6, 8, 10 and
12 ¢ additive Gaussian and evenly distributed random noise, respectively. The Gaussian
(normal) distribution was produced using the standard formula from [K81], with mean zero

and variance o2. For evenly distributed random noise, a lookup table of standard deviations

indexed by the bound z for a random variable evenly distributed between {—z,
(inclusive) was computed using the standard formula for variance: V(x) = E(2?) — E(x)2,
where F(2?) is twice the sum of squares from 0 to x inclusive divided by 22 + 1, and
E(2)* = 0. In all cases a pixel’s grey-level value is clipped to lie between 0 and 255 (i.e.
representable by 8 bits) before processing; the standard deviation of the added noise is that
before clipping. There does not seem to be a significant difference between the effects of
Gaussian and random noise for this algorithm.

Of course, these are only typical runs. Random noise, especially that with a high stan-

dard deviation, may produce slightly different results with different runs. In particular, the
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FOE detector sometimes has trouble with the very last few frames of a sequence with very
high noise. In some cases, it produces a FOE which is outside the actual image, which
invalidates the time-to-contact estimate. In other cases, the FOE is placed in an area where
all motion estimates are greater than or equal to 1 pixel per frame, which is above the
upper-bound threshold.

For example, after adding 8¢ of Gaussian-distributed noise (right center in Figure 4.25),
the time-to-contact calculations are within 3 frames of actual 40 frames before contact, and
are within a single frame of actual 25 frames before contact. The algorithm maintains this
accuracy up until 8 frames before contact, after which point the measurements are invalid.
The signal-to-noise ratio is 1.74 or less for the last 40 frames. and is 1.6 or less for the last
25 frames.

A lesson learned is that instead of relying on the accuracy of individual measurements,
each one of which is very difficult to obtain and is sensitive to noise, it may be better to use
some combination of individual measurements, each one of which is robust but not neces-
sarily very precise. This philosophy seems quite consistent with biological implementations,
such as the spatial integration of simple correlation-type motion detectors found in the fly

[EB93] (although the fly does not appear to explicitly calculate time-to-contact [BB8S]).

4.4 Effects of Heuristic Temporal Antialiasing

Section 3.3 discussed the temporal aliasing which can occur as a result of the space-time
tradeoff of the linear-time optical flow algorithm. This section will demonstrate that for the
application of time-to-contact, the heuristic described is effective in improving results. In
this case, all motion is radially directed away from the FOE, so the type of temporal aliasing
as described in Figure 3.6 cannot occur in general. Therefore one might expect that the
heuristic would not help. However, in cases where the direction of the fastest possible motion

disagrees with the motion with the best match, the temporal continuity constraint does
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Figure 4.25: Time-to-contact experiment with “fast” sequence with additive Gaussian noise

of 2,4, 6, 8, 10 and 12 o.
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Figure 4.26: Time-to-contact experiment with “fast” sequence with additive, evenly dis-
tributed random noise of 2, 4, 6, 8, 10 and 12 0.



provide additional information. In particular, nearly all motion is continuous across time
in this particular sequence, although of course that cannot be guaranteed in general. The
time-to-contact algorithm itself does not exploit the temporal continuity of the individual
motions detected. The very last step of the time-to-contact algorithm does average the last
8 time-to-contact measurements, however this final averaging step operates only on the final
time-to-contact values and not on the individual velocity measurements. Otherwise, the only
other “temporal coherence” that is currently used is that which is implicit in the algorithm
itself, i.e. that a motion of 1/n pixels/frame continue for n frames hefore being detected.
But in this case the single frame of look-ahead is sufficient to exploit temporal continuity.
This is very advantageous, because an algorithm which exploits temporal continuity in a
more aggressive manner, siuch as smoothing across time using a temporal Gaussian, may
require the input of several additional images before an output is produced. For real-time
robotics, this is generally unacceptable ([FL93] recognizes this by using recursive filters
instead of a temporal Gaussian). Conversely, a single frame of lookahead is a relatively
modest requirement.

Figure 4.27 shows some grey-level coded maps of the actions taken as a result of temporal
aliasing (as detected by the algorithm). White areas correspond to pixels whose best-
matching motion have the same direction as the fastest possible motion detected for that
pixel. Light grey pixels move in directions that disagree with the fastest zero-or-one pixel
detected motion for that pixel, but continue for an additional frame in their current direction
and so are not altered. If neither of these conditions hold then we invoke our temporal
antialiasing heuristic. Among all remaining motions faster than the current best-match for
the pixel in question, we pick the motion with the best matching value such that either 1) it
has the same direction as the fastest zero-or-one pixel motion detected for that pixel, or 2)
does continue in its current direction for an additional frame. One of the latter conditions

must hold for some motion faster than the current best matching motion (exclusive) and
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Figure 4.27: Grey-coded map of temporal aliasing (in row-major order) for frames 12, 41,
96, 126, 134, and 139. White: Best-match direction agrees with fastest motion. Light
grey: Best-match direction continues one frame. Medium grey: Accept a faster motion that
matches direction of fastest. Dark grey: Accept a faster motion whose direction continues
one frame.
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Figure 4.28: Left is normal time-to-contact experiment with heuristic antialiasing. Right is
experiment without antialiasing.

the fastest zero-or-one pixel motion because the latter is itself a valid candidate. Medium
grey areas correspond to the first condition, and dark grey areas correspond to the latter.

The effect of these corrections can be seen in Figure 4.28; the left image is the normal
result from the right of Figure 4.12, and the right is the same algorithm run without the
temporal antialiasing. Without the temporal antialiasing the time-to-contact measurements
are slightly higher than they should be, resulting from optical flow measurements that are
slightly slower than they should be. Figure 4.29 shows the change in optical flow directions
for frame 41. Since the differences in magnitudes cannot be seen in these plots, Figure 4.30
shows a log plot of the magnitudes of the optical flow vectors (the differences would not be
visible in a straight plot).

As noted in Section 4.1, motions along the diagonal represent v/2 times as much motion
as those along NEWS directions. The question arises, what happens for motions that are
1/X (for integral X) pixels/frame along a diagonal, or motions that are v/2/X pixels/frame
along one of the NEWS direction? These motions do not have an ideal match, but will
instead pick the “closest” match to its actual motion. Without the temporal antialiasing,
the best match in these cases tend to be along the diagonals. With temporal antialiasing,

some of these motions are corrected to lie along the NEWS directions. Interestingly, these
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Figure 4.29: Optical flow at frame 41 with and without temporal antial
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Figure 4.30: Greyscale log plots of the magnitude of the motion vectors. Left is with
heuristic antialiasing, right is without.

E E
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Figure 4.31: Left is time-to-contact experiment with only a fastest-first-agreement rule.
Right is experiment with only a temporal continuity rule. See text for details.

“corrections” can be made due to both conditions 1) (the fastest-motion constraint) and 2)
(the temporal continuity constraint) as described above.

Figure 4.31 shows the result of the algorithm when using only one of the two possible
antialiasing conditions, the fastest-motion constraint or the temporal continuity constraint,
but not both. TLe., if the direction of motion of the best-match motion disagrees with that
of the fastest motion, the corrected, faster best-match motion must match the direction of
the fastest motion (Figure 4.31 left) or it must continue for one frame (Figure 4.31 right).
For this example, the temporal continuity constraint performs nearly as well as the full

heuristic. This is not surprising for the time-to-contact application where motion is indeed
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continuous for many frames. In general however, motion may not continue into the future

for several frames, so we do not extend the temporal continuity further than one frame.
4.5 Rotation examples

Algorithms and techniques that work for crash detection are often easily modifiable to apply

for rotation computation as well (for example see [PVT91]). Recall equation 4.1 :

4 (4.4
- = ——=—=T 4.
Z

For a given approach to an object, at any instant there will be a corresponding time-to-
contact 7, and a point a fixed distance y from the FOE will have velocity y/7. Thus the
instantaneous velocity of a point will be linearly proportional to its distance from the FOE.
Similarly, by simple geometry for a rotating circle, the instantaneous rotational velocity of
a point is proportional to its distance from the Focus of Rotation (FOR). This can be seen
in Figure 4.32. This suggests that it might be possible to use a time-to-contact detector
as a rotation detector simply by calculating motion in the normal way, rotating the optical
flow vectors by 90 degrees so that they point away from the focus of rotation (now the focus
of expansion), calculating time-to-contact normally, and finally performing a simple units
conversion.

As noted in Figure 4.33, normally instantaneous rotational velocity can be computed by
the arctan(j/y), where g is the instantaneous tangential motion at that point on a circle of
radius y. By rotating the motion vector by 90 degrees, ¥y becomes the instantaneous diver-
gence of that point. Computing 7 on this new optical flow field gives us a robust estimate
of y/9. which can be then inverted and used in calculating rotational velocity. Of course,
one would normally construct a rotational motion detector directly without translating to
and from diverging motion, however it is interesting to note that much of the same machin-

ery can be reused since it is trivial to convert a time-to-contact detector into a rotational
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Figure 4.32: Relation of expansion and rotation. If point B is twice the distance as point A
from the foci of expansion (FOE) and rotation (FOR) respectively, its instantaneous velocity
will be double that of A’s for both cases.

velocity detector.

This algorithm was tested on a single image from the SRI translating tree sequence (Fig-
ure 4.34). Many tools were tested to rotate the images, but unfortunately many produced
unsatisfactory results, such as shifting the image slightly in addition to rotating the image.
Others clearly used naive algorithms as well in rotating an image. A requirement in per-
forming such a rotation is to perform an inverse transformation (rotation in this case) from
the new image to the old image, otherwise there may be unmapped pixels in the new image.
A naive algorithm (which some public domain packages seem to use) is to simply use the old
pixel value, but this produced unsatisfactory results such as “block-moves” of rectangular
areas of pixels. The method chosen for rotating the images was to use a weighted average
of the nearest four pixels for each point in the reverse transformation, as was used in Fig-
ure 4.7. This produced high quality rotated images, far more than required considering that
the original 256x2356 images are also subsampled to 64x64 before processing. Background
points were left black.

A sample optical flow field superimposed on the rotated image appears in Figure 4.35



Expansion: \
tau=y/y \

Rotation:
angular velocity = arctan (y'/y)
= arctan (1/tau)
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Figure 4.33: Conversion of expansion motion vector to rotation. Point p undergoes an
instantaneous rotation along circle ¢, measured as a tangential motion. By flipping this
motion vector by 90 degrees, the machinery for time-to-contact calculations can be easily
reused for the calculation of rotational velocity.

(note that the full resolution image was used to enhance visibility). (Points just off the actual
image are calculated as having moved because the background is perfectly textureless and
thus the matching window “captures” [RA86] some off-image points). For this sequence,
the images were rotated clockwise by .5 degrees per frame. Using the same parameters as
for the fast collision sequence (S = 10, lower-bound threshold of 1.83, and upper-bound
threshold of 1.0, and average of last 8 frames for final estimate), a result of .535 degrees per
frame is calculated, or an error of 7%.

This particular algorithm does not attempt to identify rotational motion per se, although
it can calculate the amount of rotation given that rotation is known to exist. It is possible
that an algorithm could hypothesize rotational motion and then calculate the deviations
from this hypothesis throughout the image, with a low degree of deviations indicating rota-
tional motion. For example, the focus of rotation could be calculated for both a hypothesized

clockwise and a counter-clockwise motion; in general only one of the two will lie within the



Figure 4.34: Rotating the SRI tree sequence. The left image is rotated CW by 7.5 degrees
to produce the right image.

central area of the image. Since rotation detection however is not considered as important as
collision detection (since rotation about the visnal axis is normally impossible for a mobhile

robot fixed on the ground plane), this particular application was not optimized further.
4.6 Summary

Our three criteria for practical robotic vision were: robustness, real-time performance, and
finally accuracy. Although the linear-time optical flow algorithm has been shown to be
very fast and robust, one limitation is that it does not give truly real-valued image ve-
locity measurements. Therefore, it is not obvious that it can be used for a wide range of
robotics vision tasks. We have shown that in the context of calculating time-to-collision,
remarkably accurate measurements may be made by integrating the resulting optical flow
measurements across space and time. Furthermore, this quantity is calculated independently
at several points in the optical flow field and experiments have shown that these time-to-
contact measurements are relatively constant regardless of where in the optical flow field
they are measured. This means that there are dozens of measurements all of which confirm
a single hypothesis of the time-to-collision, resulting in the desirable property of extreme

redundancy (and thus robustness) in the measurements. Furthermore, the calculations for
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time-to-collision are extremely fast, even when compared to the real-time linear-time optical
flow algorithm. Several additional experiments have demonstrated that the time-to-collision
calculations are extremely robust against noise, to the point where even bitmaps may be
used as input to the algorithm. This particular application demonstrates that, at least for
this application, the potential limitations of non-real-valued optical low measurements do

not manifest themselves.
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Figure 4.35: Optical flow superimposed on the right of Figure 4.34.
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Chapter 5

Real-Time Performance and
Hardware Considerations

[M82] defines three levels at which an information processing device can be understood :

1) Computational theory

2) Representation and algorithm

3) Hardware implementation
The first level describes the goal of the computation and the logic by which it is carried out.
The second level describes the representations of the input and output and the algorithm for
the transformation between the two. Finally the third level describes the physical realization
of the algorithm. Research concerned with what and how information may be computed
from images often focuses only on just the first and second levels. Computer vision is no
exception to this rule. Given how different neuronal hardware is from CCD sensors and
computer chips, it is almost mandatory.

However, for computer vision to ever become practical, some consideration must be
given to performance issues. The vast computational requirements of real-time computer
vision make implementational issues more important than they are for many other fields of

computer science. From [O85] :

“It is only by using machines with [levels of performance in the Giga opera-

tions per second] that significant real-time image processing becomes a realistic
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proposition.”

Entire workshops [CAMP93] and specialized texts [Uhr87], [085] are devoted to custom
hardware or massively parallel implementations of computer vision algorithms. For prac-
tical mobile robot vision, considerations must be given to efficiency. One factor related to
performance is an efficient representation and algorithm used to analyze the image(s). In
the case of the linear-time optical flow algorithm, this has been addressed by the space-time
tradeoff which converted a quadratic search in space into a linear search in time. The other
important factor is the hardware implementation. Often, computer vision literature is the-
oretically oriented in nature and gives little consideration to these practical implementation
issues, which are essential to real-time performance. A major advantage of the linear-time
optical flow algorithm is that it can be implemented using only simple integer arithmetic
such as shifts, adds, and integer compares, which can execute very quickly compared to
floating point calculations. This means that the algorithm is suitable for computation on 1)
desktop personal computers, and 2) dedicated image processors. Although this algorithm
is suitable for the latter, the controversial view will be taken that vision algorithms (par-
ticularly the one described in this thesis) are perhaps better suited for standard desktop
computers than specialized processors; since this view is likely to be in the minority, it
requires some justification. The first section describes the most computationally intensive
portion of the patch-matching algorithm, and the sections following discuss specific software

and hardware implementations.
5.1 Box Filter Implementation

About two-thirds of the computational time of this algorithm is consumed during the patch-
matching (equation 2.3) stage during which the best matching pixel shift is found. A key
part of this stage is known as a boz filter. This single operation is so important to real-time

operation that it will be described in some detail here.



The first step of the patch-shift-match operation is the shifting stage ([BLP89a], [MBLB91]).

In a massively parallel machine such as the Connection Machine 2, it might be desirable
to implement this as an explicit image shift so that corresponding pixels are located in the
same processing node. In the case of a serial processor however, this can be implemented at
negligible cost by using normal addressing arithmetic on certain microprocessors. Once the
base addresses of corresponding shifted rows are calculated, a single index register can be
updated with each new pixel in architectures such as SPARC [Sun87], PA-RISC [hp94], and
PowerPC [Mot94a]. Architectures with only base + displacement addressing, such as Alpha
[SW94] and MIPS [PH94], require an explicit address add. The former two architectures
have existing superscalar implementations, however such implementations with multiple in-
teger or load/store units may require special coding to take full advantage of their abilities
(for example, to process two rows in parallel). The latter two architectures generally have
superpipelined implementations for a very high clock rate, and do not need special coding,
although they are hurt somewhat by their lack of index register addressing.

After the shift stage (whether explicit or implicit) each pair of corresponding pixels are
compared. This comparison could be cither the sum of absolute differences (SAD) of each
corresponding pair of pixels’ intensity values, or the sum of their squared differences (SSD).
Both sum-of-absolute-differences and sum-of-squared-differences could be implemented with
no difference in computational time by using lookup tables for the absolute-value and
squared-value functions (although the latter would require somewhat more memory to hold
the larger aggregate patch match values). [A87a] chooses to use the SSD for easier mathe-
matical analysis, since the derivatives of the SAD function are discontinuous at zero; [S91]
follows suit. However, for this algorithm the sum-of-ahsolute-differences has been used since
it appears less sensitive to large deviations such as edges produced by shadows, and high-
frequency noise; the discussion of robust measures in Appendix A reinforces this view as

well. If a lookup table is not convenient (as it might not be in certain custom hardware), ab-
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Figure 5.1: Demonstration of a 3x3 box filter.

solute value can be easily calculated by the expression : abs(x) = (x"(x>>31))-(x>>31),
where ~ is the standard C operator for bitwise XOR and >> represents an arithmetic
shift. Other schemes such as in [BLP89a] suggest the ANDing of certain features such as
edges. Edges are used in some methods of motion detection (as in [Hil84], [P90], [WWBS8S],
[Z1.93]) but are not used here because the resulting optical flow density would then depend
on the density of the features in the image sequence, which might be too low for subsequent
processing, or in any event would vary from one image sequence to another. It would also
have required some high-level feature detection, which would have added further to the
computational time used. However, note that the performance of the algorithm when run
on images reduced to 2 bits precision, resulting in effectively a 1-bit feature map, is still
very good, at least when the camera is close to the target; see Section 4.3.

The next step is referred to as the “Excitation” stage in [BLP89a], or the local neighbor-
hood summation stage, as demonstrated in Figure 5.1. Here each element of the absolute
difference (or squared difference) array is replaced with the sum of all elements in a local

neighborhood v % v in size. In Figure 5.1, the neighborhood is 3x3 in size. Note that the

86



final box-sums array is not defined on the very edges of the image, since that would require
pixels not available in the image itself. A naive implementation would perform an explicit
v*v summation for each pixel location; such an algorithm would be quadratic in v. A much
better way is to perform a box filter, whose running time is independent of the neighbor-
hood size v. A box filter is performed in two passes, one along the rows of the absolute
difference array and another along the columns. The first pass creates the partial row-wise
summations, which are then added along the columns to yield the full neighborhood sum-
mations. Each pass is performed by taking the value for the previous location, adding one
new absolute difference (corresponding to the new scope of the v * v neighborhood), and
subtracting an old absolute difference (corresponding to the neighborhood of the previous
location). This takes advantage of the fact that the neighborhoods of adjacent locations
overlap completely except for the extreme most elements. Therefore, a complete box sum-
mation consists of only a constant four computations, two along the element’s row and two
along the element’s column (except for the very first element of each row or column which
initializes the running summations), and this is independent of the size of v.

The final “winner-take-all” stage is then done based on the match values. In practice
on a serial machine it is convenient to compare the current best match value with each
new one as it is calculated. using a traditional IF-THEN construct. In a massively parallel
processor it may be undesirable to require a data-dependent conditional construct in the
algorithm (e.g. [LPK93]), since this means that some processors will be executing different
instructions depending on the data being processed; this may be difficult or impossible with
SIMD (single-instruction-multiple-data) hardware. In this case the updates can easily be
performed directly using shift and mask operations, as shown in Figure 5.1.

On some parallel machines such as on the Connection Machine the match values could
be calculated independently and combined using built-in MINIMUM calculating hardware

([D86], [LBC87], [L88]). This operation could also be performed very efficiently without
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/* Select motion with the minimum match value.

best_motion : motion with the best matching value thus far
best_match : +the match value for best_motion

cand_motion : a candidate motion

cand_match : +the match value for cand_motion

mask : will be assigned a mask of all 0’s or 1’s

This code assumes a 2’s complement integer representation,
and that there will not be an arithmetic overflow.

*/

mask = (best_match - cand_match) >> 31; /* arithmetic shift */
best_match = ( best_match & mask) | ( cand_match &~ mask);
best_motion = (best_motion & mask) | (cand_motion &~ mask);

Figure 5.2: Direct updating of best motion without conditionals.

branches by using a “conditional move” operation, such as found on the Alpha [McL93] and
SPARC V9 [Cas93] architectures.

Often, some tight loops are memory limited (i.e. byte loads and stores dominate). This
can be overcome by loading and storing 4 or 8 bytes at a time (depending on whether or not
the architecture is 32-bit or 64-bit), if the appropriate byte or bitfield extracting instructions

exist in the architecture.
5.2 Personal Computers and Workstations

There is a tremendous advantage in implementing a computer vision algorithm on a general-
purpose computer rather than special purpose hardware. A software program is obviously
much more flexible than a hardware implementation; a change in algorithm requires nothing
more than a recompile, which allows for extensive experimentation. A dedicated image pro-

cessor can be much more difficult to program than a general purpose computer ([OLT93]).
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When designing a custom hardware implementation, there may be some operations that
are not possible or practical to implement, and even a simple operation may be impossible
to add after the implementation has actually been built. General purpose computers are
already commonly available, and can be used for other computationally expensive tasks
such as planning, when it is not doing vision. This multiplexing of a computer both benefits
all software algorithms that use the computer as well as helps justifies its initial purchase
(or upgrade) in the first place. In addition, as noted in the introduction, a software algo-
rithm can conceptually be distributed to everyone with a computer at effectively no cost, in
contrast to the purchase or building of a special purpose processor. This effectively means
that thousands of researchers can make use of any techniques learned. In particular, the
algorithms discussed in this thesis are now usable by anyone with a computer (and in real-
time by anyone with a modern, low-end workstation). Finally, general-purpose computers
have experienced an exponential growth for the last several years which will likely continue
for several more years. [PH94] gives a 54% yearly increase for the years 1987-1992. A soft-
ware algorithm can trivially make use of a new computer generation with only a recompile
(see also Section 6.1). Conversely, moving from one brand of dedicated image processor
to another may require a complete redesign of the algorithm to match the new processor’s
capabilities.

Scientific workstations are generally optimized for intensive floating-point computations,
requiring advanced floating-point hardware as well as a high memory bandwidth; as a re-
sult, they can be quite expensive, around $20-30,000 for a mid-level machine. Dedicated
image processing boards are available, but can add considerable expense to a vision system.
Conversely, personal computers generally make use of mostly integer arithmetic. Although
multimedia applications will certainly increase the use of floating-point, personal computers
will most likely emphasize their integer performance for the foreseeable future. Examples are

Tntel’s Pentium (tm) [AA93] and IBM/Motorola’s PowerPC (tm) 604 processor [Mot94h],
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both of which contain multiple integer units but only a single floating-point unit. In addi-
tion, pixel data is generally only a single byte long, thus with proper coding several image
bytes can be loaded in parallel, compared to a double-precision floating point datum which
spans eight bytes, thus less memory bandwidth would be required per datum. Such mem-
ory accesses are generally sequential and highly predictable, and thus can take advantage of
instructions that provide memory-access “hints” as are found on the Alpha [DEC92], PA-
RISC [hp94], PowerPC [Mot94a], and SPARC V9 [Cas93] architectures. Thus this optical
flow algorithm is well-suited for operation on common personal computers, since it does not
require the floating point capabilities of the much more expensive scientific workstations,
and can achieve a more balanced memory-bandwidth to computation ratio.

Digital signal processors (DSP’s) have some of the advantages of general-purpose com-
puters, in that they have the flexibility and reprogrammability of software. However, they
often must be programmed in assembly language to fully exploit their capabilities, due to
the rigid program structure imposed by their instruction sets. In addition, DSP instruction
sets generally vary from one generation to another, so they must be reprogrammed, usually
in assembly language, with each new generation [SPT.92]. One attractive feature of DSP’s is
low overhead looping, which is ideal for the box-filter stage of the basic algorithm described
in Section 5.1. However, implementations of zero-cycle branching and branch prediction are
commonly found in modern CPU architectures, negating this advantage, since such loops
are highly predictable. Another feature of DSP’s are their ability to perform multiple op-
erations in parallel, however this too is offset by superscalar implementations of modern
architectures. When combined with faster cycle times, a modern general-purpose processor
is usually as fast or faster than a DSP, while remaining much easier to program and debug
[SPL92]. Thus, while a DSP would be appropriate for a low-cost (or low-power) implemen-
tation of a fully developed system, it is not necessary to resort to them to achieve real-time

P erformance.
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A common measure of performance for a computer vision algorithm is its frame rate, in
frames per second. In the case of this algorithm, it is dependent on the number of speeds
detected. Since the algorithm is linearly dependent on the number of speeds detected per
frame, the frame rate times the number of speeds detected per frame is constant for a given
machine; this constant is called the “magic number”. Of course on most modern machines,
memory access time is non-linear due to caches and paging effects, so there will inevitably
be a non-linear factor increase with problem size, an effect which will only increase as
microprocessors get faster and memory gets larger (but not much faster, as is the current
trend). For this problem on a machine with 1 MB of secondary cache, this effect is non-
existent to at least 20 speeds. Since the algorithm exhibits excellent locality of reference,
performance can be expected to degrade gracefully with even larger problem sizes. For a 40
Mhz Sun Sparcstation 10/41, the “magic number” is approximately 45 for images 64 pixels
by 64 pixels in size.

The following chart gives estimated values of the “magic numbers” for various personal-
computer class machines currently available as well as those expected in the next year,
based on comparisons with the Sparcstation 10/41 using industry standard benchmarks.
All machines are assumed to have an external cache ranging in size from 256KB to 1 MB.
For example, the algorithm would be expected to run at a peak rate of 8 frames per second,
calculating 8 speeds per frame, on an 66 MhZ PowerPC machine. Alternatively, it could run
at 4 frames per second calculating 16 speeds per frame, or possibly 32 frames per second
calculating only 2 speeds per frame.

(Trademarks are the property of their respective owners.) For computer architectures
such as the PowerPC, which is designed for fast looping across arrays [WD93], an opti-
mized program could yield even higher “magic numbers”. In addition, as discussed in
Section 4.2.3 . for a given maximum image delay S it is not necessary to calculate all mo-

tions {1/1,1/2,...,1/S} pixels per frame; any subset of velocities may be chosen, allowing
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| Est. “Magic Numbers” for 64x64 images |

machine/CPU CPU Mhz | magic number
Sun Sparcstation 10/41 40 45
Intel 486 DX2 66 27
Intel Pentium 66 35
Intel Pentium 100 85
PowerPC 601 66 64
PowerPC 601 80 73
PowerPC 604 100 140

Figure 5.3: Magic numbers for various computers/CPU’s

considerable “range vs. resolution” performance tradeoffs.

In the upcoming years, ever increasing performance can be expected from personal com-
puter makers that will allow the algorithm to be run at even higher frame rates, image ve-
locity ranges, and/or image resolutions. In particular, CPU’s intended for desktop personal
computers such as Intel’s x86 and the PowerPC series will be built with multiple integer
functional units (but not necessarily multiple floating point units), the Pentium [AA93]
and PowerPC 604 [Mot94b] being the first such examples. Whereas most general-purpose
software can only take partial advantage of the superscalar capabilities of these CPU’s due
to data dependencies, and image processing algorithms requiring floating point are limited
by a single FPU on these chips, algorithms such as this one can take full advantage of
the available integer instruction-level parallelism (with proper coding) by processing two or
more rows of the image in parallel, for example. HP’s PAT100LC chip, and the recently an-
nounced UltraSPARC chip employ special instructions used to handle MPEG compressed
video streams, such as multiple 16-bit additions performed within a single register. The
correlation-based algorithm could potentially make use of these features to dramatically
increase the performance of a patch-matching optical flow algorithm. Chips exploiting Very
Long Instruction Word technology (such as announced by Hewlett-Packard and Intel) would
be similarly suitable for this form of image processing due to the inherent parallelism in the

algorithm. Thus, this algorithm is well positioned to take full advantage of all of these



developments.
5.3 Parallel Implementations

This type of algorithm is attractive in that there are many places where parallelism can be
exploited, both in hardware and software, and at both fine and coarse levels of parallelism.
Of course, a major strength of the algorithm is that is does not need massive parallelism to
run in real-time, however, such a processor could be fully utilized if available.

Parallelism exploited in software (i.e., explicitly running multiple parts of a program
on multiple processors simultaneously) can include running the algorithm on multithreaded
machines with a small number of processors, typically two or four. Since such machines are
now being sold for the desktop by several popular manufacturers, it is entirely appropriate
to make such considerations. At the coarsest level, each zero-or-one pixel shift-and-match
stage, one for each time delay, could be processed independently. Once the pair of images
are transferred to each processor, each processor could then process its own image pair in-
dependently. The only potential bottleneck here would be to transfer the incoming image
to several processors; however, the rows of the image could be transferred to each processor
in a pipelined fashion. Alternatively, each processor could begin accessing the image at a
different row per processor, so that memory “collisions” are reduced. At a slightly finer
level, the correlation step for each time delay could be divided into its component multiple
directions and computed individually. For the current implementation, this is eight direc-
tions of motion, plus zero motion. Future implementations could have greatly increased
angular accuracy by interpolating grey level values and considering inter-pixel motions, i.e.
motion to an interpolated “virtual” pixel lying in between to existing pixels, or by using
pixels created by subsampling a shifted input image (in cases where a subsampled image is
used).

Hardware implementations could take parallelism to an even finer scale, and includes
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implementation on special-purpose image processors (such as the PIPE or Datacube) and
in VLST [085]. Although this algorithm would be much more difficult to implement in
VLST in its entirety than say the one-dimensional technique of [AP93], the simple nature
of the box filter makes it suitable for implementation in VLSI, Field-Programmable Gate
Arrays (FPGA’s), systolic arrays, or digital signal processors. At the finest scale, each
row of an image can processed individually by a pipelined VLSI chip and fed into further
processing modules, as has been shown by a partial implementation in CMOS VLSI [C91].
At a maximum, in the current implementation, all 64 1'0ws/(:0111mns in all 9 directions (8
directions plus zero motion) for each of 20 speeds could be usefully parallelized, exploiting up
to 11520 separate processing nodes. Running the algorithm by processing individual pizels
on separate processors (as in [BLP89a]) is not particularly recommended on a typical modern
parallel machine which uses tens or hundreds of much more powerful microprocessors instead
of the 1-bhit processors of a Connection Machine-2 [TMSSL since I/O and communication
latencies are then likely to become the bottlenecks.

Using the technique of [BLP89b] (the same as described in Section 2.3) on a Datacube
MaxVideo 200, [LK93] calculates optical flow within a limited radius of +/- 3 pixels horizon-
tally and +/- 2 pixels vertically using a 7x7 correlation window at 10 Hz on 128x120 images.
Since this implementation uses the same basic correlation algorithm as that described in this
thesis, it is instructive to compare the performance of the two. We will use single-pixel-shift
units as a basic measure, i.e. the comparison of a single given pixel with a single hypoth-
esized pixel shift. Recall that in the traditional algorithm ([BLP89a], [BLP89b]) only two
frames are used, and a pixel is constrained to lie within a certain neighborhood, in their case
7x5. Motion is calculated everywhere except for a border region where motion calculation
would require pixels not available in the image itself. This border region is the sum of the
maximum pixel displacement in any direction plus half the correlation window; thus the

“active” image area is (1‘28—2(3+3))*(1‘20—2(2+3)) = 116*110. Given a frame rate of 10
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Hz, this is 7*5*116*110%10 = 4466000 single-pixel-shift units per second. (The correlation
window size, which is 7x7 for both algorithms, does not affect computational complexity;
see Section 5.1.) In the linear-time algorithm, the local neighborhood is +/- 1 pixel for a
search neighborhood of 3x3. In addition, there are multiple time delays, which adds another
factor. The active image area is (64-2(1+3))*(64-2(1+3)) = 56*56. When calculating 10
speeds the frame rate is 4.5 frames per second on a Sun Sparcstation 10/41. This results
in 3*3*10*56*56%4.5 = 1270080 single-pixel-shift units per second. Thus the workstation
implementation is only 3.5 times slower than the implementation on the dedicated image
processor.! By early 1995, this gap is expected to be closed; see Section 6.1.

[Uhr87] argues strongly for massively parallel processing systems for computer vision :

“Perception is a massively parallel process... Only massively parallel networks
are fast enough to process the large resulting image arrays, and the successive

resulting structures of information.”

For example, monkeys can recognize complex objects such as faces in only 70 to 200 mil-
liseconds, which only allows for at most a few hundred serial steps in neural hardware; clearly
massive parallelism is needed in this case. However, this argument does not consider the
possibility that moderate parallelism, combined with extremely high-speed digital computers
(each of which can operate at a moderate level of parallelism) can approach the performance
of massively parallel biological hardware. Companies such as Thinking Machines has rec-
ognized the advantages of using moderate numbers of commercial microprocessors in their
latest offering (the CM-5) in favor of previous models which are composed of up to tens of
thousands of 1-bit custom processors ([D86], [LBC87], [L88]). [ULr87] notes that the over-

head for communication in a MIMD (multiple-instruction, multiple data) computer may

"Note that this only considers the raw amount of work done, and not whether or not the work done is
particularly efficient or useful. As noted in Section 3.1, the linear-time algorithm only grows linearly with
the number of velocities detected rather than quadratically as with the traditional approach. In addition,
Section 3.4 argues for the harmonic series of velocity measurements versus the linear set of measurements
of the traditional algorithm. These are algorithmic issues however, and orthogonal to this discussion.
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be much more than the time for the computation itself. In a moderately parallel machine
however, tasks are generally divided up in a coarser fashion, such that a variable amount
of communication versus computation can take place depending on what is appropriate for
a given machine. For example as noted above, the various shift-and-match stages of the
correlation algorithm can be divided up into individual frame pairs (one per time delay),
pairs of shifted images (eight or more pixel shift directions plus zero motion per frame pair),
or individual rows and columns (64 or more per shifted image pair), depending on the com-
munication to computation ratio for a particular machine. Flexible network topologies such
as described in [BA93] would likely be required for a massively parallel system to be able
to operate on a wide variety of computer vision problems.

Amdahl’s Law (attributed to Gene Amdahl) [HP90] states that as sections of a program
that are parallelizable are increasingly parallelized, the remaining serial sections of the pro-
gram will become the bottleneck. In the case of this algorithm, if the shift and match stage
were completely parallelized, the temporal antialiasing stage would then become the bottle-
neck. In the case of very high parallelism each pixel could then be processed independently,
however this form of parallelism could be limited by I/O to the processing nodes, unlike
for example processing entire rows in parallel (as assumed above), which has a better I/O
to computation ratio. At high levels of parallelism however, it may be the case that the
temporal antialiasing stage does not produce a significant benefit, since there would not be
the very coarse quantizations which seem to cause many of the problems in the first place.

Although this algorithm was designed to operate on ordinary scientific workstations,
and would also run well on a modern personal computer, it would run very quickly on a
massively parallel processor (MPP), up to the level of parallelism noted above (i.e. paral-
lelized at the level of individual rows of an image). Such processing is facilitated by the
fact that the algorithm only requires simple integer arithmetic which is easily implemented

by basic hardware; floating-point hardware would be much more expensive to implement
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on a massively parallel scale. Modern highly (if not massively) parallel processors from
Cray, Thinking Machines, Convex, and IBM are generally composed of tens or hundreds of
“off-the-shelf” microprocessors, and thus the algorithm would benefit from all the reasons
mentioned for personal computers, as well as from massive parallelism itself.

It should also be noted that even hardware implementations such as described in [DW93]
could benefit from the linear-time space-time tradeoff described in this thesis since only a
linear number of pixel shifts would be calculated instead of a quadratic number. In addition,
the detection of sub-pixel motions would be detectable, as well as the harmonic sequence of

motions.
5.4 Pyramid Architectures

One popular hardware image processor is the pyramid processor. A pyramid structure
attempts to divide an image into its component spatial scales, and by doing so allows
the efficient computation of certain properties that are appropriate at that given scale;
an example pyramid representation of an image is shown in Figure 5.4. Pyramids can be
excellent tools for hierarchal binary morphology (such as the ANDing of various features
and region growing), segmentation, and the calculation of various geometrical concepts such
as extrema [TLL87], [SHBVS87], [St87].

The strength of a pyramid structure with regard to optical flow is that it can efficiently
capture large motions of large contiguous areas of an image ([A87a], [A87b], [C90], [G&T]), for
example see Figure 5.5. However, the general requirement that the area of the moving surface
be roughly proportional to the magnitude of motion does not always hold for interesting
types of motion ([C93]). For example, in the top-left of Figure 5.6 there appears to be some
angular downward motion of a straight object. The finest level pyramid representation of
course gives good motion, and the next higher level is more or less representative, however

the upper two levels are not very representative at all. One basic problem is that each
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Figure 5.4: A pyramid representation of an image, at scales (bottom to top): 64x64, 32x32,
16x16, 8x8, and 4x4.
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Figure 5.5: Scales of a pyramid representation. Some forms of motion are best represented
at different spatial scales. This is a somewhat idealized example.

level in the pyramid is coarser by a factor of 4, thus resolution decreases exponentially with
each layer. [PFHS87], [Uhr87] suggest the construction of “gentler” pyramids, with ratios
somewhat less than a power-of-2 on each side. [A87a] suggests using overlapping pyramids
to avoid missing motion lying on a pixel boundary. Resampling techniques used in computer
graphics can help here ([F86], [Burt81], [Burt83]), however, such complexity greatly reduces
the practicality of a hardware implementation of the traditional 3-dimensional pyramid.
Another problem with a physical implementation of a pyramid is that the axis connecting
the separate levels (beginning with the base going up to the apex) is not in the same plane

as the 2-dimensional images at each level. l.e., there usually needs to be a backplane of
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Figure 5.6: An example demonstrating the limits of pyramids. Top left shows very fast
motion at a very fine scale. Although two levels in the pyramid give reasonable approxima-
tions, the higher levels are not appropriate representations. Solutions to this problem may
be performed in software, but would be more difficult in hardware; see text for details.

some sort connecting these levels, if they are physically implemented similar to their logical
layout (e.g. [SHBVS87]). Conversely, current VLSI (Very Large Scale Integration) chips are
largely flat devices. A typical chip may include several metal or polysilicate “layers”, but
they are basically 2-dimensional devices; there is a strong practical incentive in keeping
such devices two-dimensional. This is both the pyramid’s greatest strength and weakness.
The topology of the pyramid allows for O(logn) communication between processors, even
distant processors, but this added complexity reduces the feasibility of widely available,

low-cost systems. Parallelism, both instruction-level and task-level (multiprocessing and
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multithreading) will certainly see increased use as a means of increasing speed, and image
processing/computer vision will be able to make full use of these advances, regardless of
whether pyramid structures are used.

Although pyramid structures can be very useful for understanding an image at multi-
ple scales (and are not inconsistent with the linear-time optical flow algorithm), pyramid-
based special-purpose hardware is less attractive for real-time operation, except in expensive
special-purpose systems. Given the current state of exponential growth in computing power,
there is also the risk that any such system, once finally built, will be obsolete. The concept
of characterizing a scene in increasingly abstract descriptions is of course attractive, however
it would be unwise to fix any particular description in hardware until visual processing is
much better understood. For example, [PFH87] describes pyramids using “gentler” scale
ratios than the usual power-of-two pyramid structures. This reduces the normally very large
detail differences found between pyramid layers. Building such a custom pyramid in hard-
ware however would be much more difficult than the usual 4-to-1 child-to-parent ratio found
in most pyramids. [Uhr87]’s suggestion of a massively parallel lowest level augmented with
a number of much more powerful processors appears to be a practical alternative to the typ-
ical hardware pyramid. [W93] describes UMASS’s second-generation Image Understanding
Architecture, consisting of a low-level reconfigurable array of bit-serial processors for sensory
data, an intermediate level of digital signal processors to execute grouping of tokens and
graph matching, and a high level of RISC processors for knowledge-based processing. The
term pseudomorphism is defined to describe an automatic management of multiple imple-
mentations of possibly widely varying types and topologies of parallel computing resources.
This type of flexibility surely represents a difficult software challenge in the years to come,

but will be necessary for portable and parallel computer vision programs.
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5.5 Summary

Issues of computational efficiency often focus on algorithmic complexity. The tremendous
computational demands of computer vision demand computational efficiency at all levels,
including the hardware implementation. This chapter has described in detail the charac-
teristics of the linear-time optical flow correlation-based algorithm which make it especially
suitable for commonly available computing hardware, and several reasons why it will be
able to take full advantage of virtually any advance in computer technology expected in the
near future. As a result, the linear-time algorithm is likely to remain at the forefront of

real-time optical flow for many years to come.
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Chapter 6

Conclusions and Future Work

We have defined three criteria for practical robotic vision: robustness, real-time performance,
and accuracy. Robustness has been addressed by the patch-matching correlation-based
optical flow algorithm, and at the application level by the redundancy in the time-to-contact
measurements. Real-time performance has been addressed by the linear-time optical flow
algorithm and the suitability of the necessary calculations for modern computing hardware.
Finally, remarkable accuracy may be achieved, at least for some applications such as time-
to-contact, by integrating optical flow measurements across time and space. By pushing
forward with the coarsely quantized optical low measurements, we have learned that it
can be possible to achieve quantitatively accurate computer vision, even when the low-
level measurements are not precise. Thus we have learned that complicated models or
very accurate low-level measurements are not always necessary for quantitatively accurate
computer vision. It is worthwhile to approach other computer vision problems with the
same philosophy.

The current implementation of the time-to-contact algorithm assumes that the mobile
robot is moving such that the focus-of-expansion is always within the field of view (but not
necessarily straight forward). Ideally of course, we would not want to have this limitation;
we would want the robot to be able to move in any direction it can, particularly arbitrary

rotational motion (for the purposes of flexibility only; it is only the translational compo-
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nent of motion, and not the rotational component, which provided information about the
environment and the observer’s relation to it [T90]. In addition, rotational movement of
an active camera head on a mobile robot will generally be known, since this is generally
programmed explicitly). At this particular moment however, this functionality is not avail-
able. One way to deal with this situation is to insist on full general motion or nothing at
all, and not make use of what means of perception are available. A better option is to limit
the robot’s motion to those behaviors which are essential for completing a task. A robot
which can move forwards and backwards, and turn clockwise and counter-clockwise, may be
able to achieve the same set of behaviors as one that can combine rotation with translation
(although maybe not quite as efficiently). In this case fully general motion may not give
our robot any new fundamental behaviors; fully general motion would just be a luxury. In
some tasks, fully general motion may be necessary, and these behaviors will have to wait
to be implemented until the necessary modes of perception are available. However, many
other behaviors need not wait. In the meantime of course, research into more general forms
of motion vision will continue.

Relating this argument to the top-down versus bottom-up debate, a top-down approach
might analyze a situation and then determine what means of perception are necessary to im-
plement certain behaviors. For example, structure-from-motion might require very precise
optical flow calculations. If the state-of-the-art in optical flow cannot yield these measure-
ments quickly, reliably and accurately, the top-down approach would likely insist on finding
better optical flow algorithms. Unfortunately this may just prove to be too difficult. Con-
versely, a bottom-up approach would declare that the general problem is too difficult, and
impose constraints on the problem at hand (Active perception can be seen as an implemen-
tation of this philosophy; see [AWBS87], [Bal90], [CF88]). Indeed, the approach taken by
this author is to determine what information is available from the optical flow (in partic-

ular, quantized measurements) and verify what can be calculated from them. This yields
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a certain functionality (time-to-contact given straight, linear motion) which can be used to
implement a wide range of behaviors, at least until the time when more information can be
calculated.

The current implementation of the algorithm still suffers from many limitations. Oue
example is the limited angular accuracy due to the standard rectangular tessellation of
images: this can be clearly seen in Figure 2.1. This can be overcome in principle by shifting
the input image by a half-pixel in either the X or the Y direction, and performing the search
over these new pixels as well. For applications that demand increased angular accuracy, it
may be worth the additional computational cost. This approximation can be performed by
either interpolation, or exactly in cases when subsampling is done by shifting the input array
appropriately. A similar form of interpolation via pixel-shifting could be used to increase
the accuracy of the magnitudes of the motions detected.

Figure 6.1 shows a grey-level plot of the match values for the best pixel-shift (i.e. the
selected velocity) for two typical frames of the “fast” collision sequence. (For this particular
plot, the sum-of-squared differences measure was used instead of the usual sum-of-absolute
differences). The areas where matches are poor generally correspond to motions that cannot
be matched exactly by the algorithm, such as motions that are in between two of the usual 8
directions or in between velocities of 1/:1: and 1/(;1; + 1) for some time delay, or both. These
values could be used for interpolation of velocities.

Precise boundary detection from motion remains as future work [SU87]. One option is to
run the algorithm using two patch sizes; one would expect that the “quality” of the match of
the larger patch would be much worse than that of the smaller patch, when both are placed
at the motion boundary [LBP88]; this could run completely in parallel as well. [AD91] notes
that often precise boundary detection is not necessary for accurate motion perception; for
example, Johansson [J73] demonstrated that people can easily identify a walking person

while only viewing lights attached to the moving person’s joints (see also [J75]). These



Figure 6.1: Grey-level plot of best-match sum-of-squared-differences for two typical frames;
a lighter shade means a better match.

“Moving Light Displays” do however sweep out a spatio-temporal path whose temporal
coherence can be exploited. The current optical flow algorithm makes only limited use of
temporal coherence; although it is undesirable to place too strong a prior importance on
temporal continuity in future frames (i.e. for frames at time ¢t + & when considering frame
t), temporal continuity in past frames in the current algorithm is limited to the implicit
assumption that motion must be equal a full pixel before being detected. Further exploiting
temporal coherence may be required for cases when there are multiple moving objects, for
example. Given that the algorithm runs best with a temporally dense set of images (i.e.
a fast frame rate), 3-dimensional spatio-temporal coherence is an excellent candidate for
furthering this algorithm. Occlusion and disocclusion detection can also be handled by
spatiotemporal coherence [AD91].

Detecting multiple moving objects requires an initial segmentation step. [SRT92] con-
siders a FOFE triangle created by the intersection of any three optical flow vectors on an
object in segmenting out objects. One possibility with this algorithm is to calculate an
initial FOE, then calculate the deviation from the hypothesized FOE at all points in the
image. [GG84] uses a Markov Random Field model incorporating “line processes” to sep-

arate motions across occluding boundaries. These techniques can be slow to converge and
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difficult to apply to practical problems however.

[BBHP90] describes six types of basic motion: 1) single object motion; 2) two moving
surfaces separated by a boundary; 3) two transparent surfaces with different motions, in-
cluding moving shadows, reflections, and transparent surfaces; 4) interleaved components;
5) small moving object in front of moving background; and 6) two motions each of which
suffer from the aperture problem.

Type 1) motion is of course straightforward. The detection of type 2) motion implies
boundary detection, which the current algorithm can detect roughly, but not exactly. In
Figure 3.9, the motion of the branches blurs over some of the background bhehind them.

&

This is because the neighborhood patches sometimes “capture” pixels that are at the edge
of occluding boundaries, and assign to them the motion of nearby objects. Reducing the
size of the patches would decrease this effect, however this would result in less resistance to
noise. This tradeoff between uncertainty in localization in space vs. localization in frequency
is quantitatively described by the uncertainty relation ([Br78]) : AzAs > 7. where Ax is
spatial variance and As is variance in frequency. The only distribution which optimizes this
relation is the Gaussian ([MH80]). Many computer vision optical flow algorithms find it
necessary to preprocess the image by smoothing with a Gaussian before calculating optical
flow, due to the sensitivity of mathematical differentiation to noise. Even though this
operation can be separated into two one-dimensional convolutions it still often requires
special-purpose hardware to be performed in real-time, thus it was not used in this algorithm,
nor were Gaussian “patches” used in the matching stage. Preliminary tests do not seem to
indicate any performance improvement using Gaussian patches, probably due to the already
large size of the patches and subsampling of the images.

The capturing of off-object pixels is not an issue in many types of qualitative computer
vision where precise boundary detection is not needed, nor is it an issue in the case of

time-to-contact with a single surface. In cases were more precise houndary detection is



Figure 6.2: Depth from motion parallax, using image zoomed by a factor of 2. Camera is
translating left, with the resulting optical low and grey-level shaded relative depth map.

desired however, one option is to zoom in on boundaries using a pyramid technique such
as in [BBH489]. Figure 6.2 shows the optical flow algorithm run on the same SRI tree
sequence as in Figure 3.9, except that the image is zoomed by a factor of 2, and shows the
outline of the branches much more clearly. One issue with this type of processing is that
the image motion for such a zoomed image is double that of the normal sequence; a method
of dynamically adjusting the range of velocities detected would be useful in this case.

Cases 3) and 4), transparent surfaces and interleaved components are more difficult;
since the algorithm has thus far only relied on the single best match value for all possible
motions, it is unknown how well the algorithm will do when faced with more than one
motion at a single location (in the case of transparency) or more than one motion very
close to each other (in the case of interleaved objects). The “winner-take-all” nature of the
algorithm can support the notion of a bimodal response, however some mechanism would
be needed to differentiate such a bimodal response from a normal, single response (unless it
was known a priori that there were two motions present in the image).

One possibility to handle transparency is to use an iterative procedure as in [BBHP90].

Here two motions are hypothesized, p and q. They define a sequence of difference images :
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D;=1I(x,y,i+1) = IP(x,y.i)

where IP (z,y,1) is image 1 transformed by the motion p. Thus D; consists of the second
frame minus the first frame transformed by motion p; this yields an estimate for motion q.
A similar definition holds when D is defined to be the second frame minus the first frame
transformed by motion q. Given an initial estimate for p, iterate :

1. Form the difference images Dy and D-.

2. Estimate the motion from D¢ to D, to estimate q,,41.

3. Form the new difference images D and Ds using the estimate q,41.

4. Estimate the motion from the new Dy to the new D- to obtain p,yo.

This is repeated, and they report convergence within a few iterations in most cases,
regardless of the initial estimate for py.

Case 5), a small moving object in front of moving background, could make use of some
form of temporal integration such as in [IRP92]. Here they define a temporally integrated

image Awv(t) :

Av() = 1(0)Av(t+ 1) =w- It + 1)+ (1 — w) - register(Av(t), I{t + 1))

where w is a weighting factor (they use w = 0.3), and register(P, Q) denotes the regis-
tration of images P and @ by warping P to by the motion from P to (). Iterate (where
M denotes a segmentation mask of a tracked object of interest) :

1. Compute the dominant motion parameters between Av(#) and the new frame I(t+ 1)
in the region of M(t).

2. Warp Au(t) and M(t) towards the new frame I(t 4+ 1) by the calculated motion
parameters.

3. Identify the stationary regions in the registered images, nusing M (#) as an initial guess,

and set M(t + 1) to the new tracked region.
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4. Update the temporally integrated image Av(t + 1), and repeat.

[BFBB93], [NG92|, [VG92], [SAHI1] make use of confidence measures in calculating
optical flow. Conversely, the “winner-take-all” nature of this algorithm makes no use of
confidence measures whatsoever, instead relying on the algorithm’s inherent smoothness
in producing a 100% dense output. If dense measurements are required, this fact may be
viewed as a strength; if only sparse measurements are acceptable, it may be viewed as a
weakness. In fact, there would be little computational savings in calculating optical flow
only at areas of high contrast such as edges [Hil84] or corners ([Nag87]) since the pipelined
nature of the box-filter generally assumes that optical flow is calculated at all points in
the image to be efficient (see Section 5.1 for details). Although it may be possible to use
the match strengths as a measure of confidence, this author is not optimistic of such an
approach. Although Figure 6.1 does imply that the match values could be used for this
purpose, it seems more beneficial to use the match values for interpolation of velocities. In
this way all velocities become more accurate, rather than throwing out “bad” matches.

The time-to-contact and FOE calculations made several assumptions, such as constant
unidirectional motion, and a flat object that completely fills the field of view. (This last
condition is actually not satisfied until about frame 42. This is significant since the cur-
rent implementation does not attempt to segment the relevant flat surface and omit the
background. Performance of the algorithm does improve after this point.) In addition, the
sweatshirt used as a target, although solid-colored, is not as textureless as many objects
found in a typical office, such as a black filing cabinet. Subsequent work will examine these
issues in turn.

Non-rigid motion (for example [KG92]) would seem to require more precise measure-
ments than is possible from this algorithm without some form of interpolation. Since the
basic assumption of the patch-matching approach is local rigidity, it is likely that major

modifications would be needed to make the algorithm suitable for this application. Applica-
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tions that calculate the 3-dimensional structure of the environment will likely be the main
focus of this algorithm for some time.

Although the field of computer graphics is mostly concerned with the opposite of com-
puter vision, that is the process of converting 3-dimensional scenes into two-dimensional
images, concepts from one field are very often applicable to the other. For example, spatial
resampling techniques can be used in the construction of pyramids [F86]. [Burt81] presents
a Hierarchal Discrete Correlation technique which can very efficiently approximate a Gaus-
sian kernel. It remains to be seen how useful antialiasing techniques such as in [SS93] are
applicable to the problems described in this thesis. In addition, there would be a tremen-
dous potential for using commercial graphics hardware to assist computer vision algorithms
should a common ground be found. Special-purpose MPEG encoders/decoders, or special-
purpose instructions found on general-purpose CPU’s (as noted in Section 5.2) are the first
examples of this.

The relationship between the time-space tradeoff and spatio-temporal models of motion
([AB85], [SS85], [WAS85]) is an arca of future research.

Issues such as lighting and image stabilization (particularly when the camera is mounted
on a small, unstable mobile robot) are common problems with machine vision, and it is
desirable to develop techniques to deal with these issues.

Ultimately, it is likely that accurate and robust structure-from-motion will make use
of both depth from stereo as well as depth from motion, as in [TGS91]. The process of
correspondence in optical low can be similar to that of binocular stereo, except that in
the former case the matching is across time, and in the latter the matching is across space
[R75]. Both applications can make use of various methods for correspondence (issues of
correspondence and image matching are discussed in [HS93]), however tracking across space
is not equivalent to tracking across time. In particular, the former can make use of the

eptpolar constraint in matching across space. The latter’s matching across space and time
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can make use of the welocity equation in matching across both space and time. Of course,
stereo can make use of spatiotemporal coherence as well.

The major barrier to applying this algorithm as a generic optical flow “black box” for
robotic vision is that it must be carefully adapted to the specific task in order to produce
quantitatively accurate results, as in the case of time-to-contact. It would be pointless to
attempt to measure the performance of this particular algorithm per se using the methods
used in [BFBB92] and [WM93]; since the individual optical flow vectors are quantized in
magnitude and direction, the average error for a single pixel would be very poor. But note
that optical flow is only valuable when used in the context of a specific task, such as obstacle
avoidance [MBLB91] or time-to-contact, and the performance of this algorithm when applied
to the latter has been shown to be exceptionally good. However, it remains to be seen if such
performance can be equaled for other robotic vision tasks. Given the algorithm’s inherent
robustness, computational efficiency, and demonstrated potential accuracy, there is a good
chance for success. Ideally, a more general procedure for adapting this real-time optical flow

algorithm to specific robotic vision tasks will someday emerge.

6.1 Timeline

All versions of this algorithm since its inception in 1990 run in real-time. Continuous
improvements in computing power have allowed and resulted in corresponding increases in
functionality while still maintaining real-time performance. This section presents a timeline
of both past, present and predicted future results, listing the approximate date, the computer
or CPU type used or expected to be used at about that time, the actual or expected “magic
number” for such a machine, a defining characteristic of the optical flow practical given that
level of computing power, and a sample application possible or predicted by that date.

(1) Using pyramid techniques it was possible to segment a moving object in about a half

second.
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| Timeline

Date machine/CPU Magic # | optical flow application

3/90 Sun 4/110 - | pyramid; 2Hz (1) segmentation

6/90 Sun 4/110 6 | 1speed (2) tracking

8/91 Sparc 2 16 | 2 speeds (3) heading determination
6/93 Sparc 10/41 32 | 6 speeds (4) qualitative depth map
3/94 Sparc 10/41 45 | 20 speeds (5) time-to-contact

11/94 150MHz R4400 70 | > 1 pixels (6) planar tilt

1995-96 | 100MHz PPC604 140 | 16 angles (7) obstacle divergence
1997-99 | VLIW, multi-CPU | 200-500 | 128x128 images | (8) active motion vision
2000+ ? ? | 256x256 images | (9) 3D stereo and motion

Figure 6.3: Timeline of linear-time optical flow.

(2) An early version of the algorithm calculating a single speed (1 pixel/frame) was able to
continuously center a slowly moving hand in a rotating camera’s field of view.

(3) Calculating 2 speeds of optical flow was sufficient to roughly determine a mobile robot’s
heading on test images.

(4) Calculating up to six speeds per frame was sufficient to give a relative depth map using
motion parallax on test images.

(5) Code improvements allowed the calculation of up to 10 or even 20 speeds per frame in
real-time and was sufficient to give remarkably accurate time-to-contact calculations.

(6) Time-to-contact calculations no longer assume an approach perpendicular to an flat
object’s surface; planar tilt is calculated along with time-to-contact.

(7) The optical flow algorithm will be used for obstacle avoidance based on the divergence
of the optical flow field (a generalization of time-to-contact).

(8) Active motion vision will be exploited to determine the 3-dimensional structure of the
environment.

(9) Stereo will be combined with active motion vision to determine 3-D structure.
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Appendix A

Robust M-estimation

Least-squares techniques are desirable when the measurement noise is normally (Gaussian)
distributed, however they are undesirable when there are outliers, measurements that do
not conform to a Gaussian distribution, since error in the final result is linear in the error
of a single measurement. This has led to the study of robust estimators, which have the
desirable property of insensitivity to small measurement errors, emphasizing that “small
measurement errors” also include gross errors in a small fraction of the data. A primary
goal of robust procedures is resistance against these gross errors.

In particular, a robust estimator should have the following three properties ([H81]) :

1) It should have reasonably good efficiency at the assumed noise model,

2) It should be robust in the sense that small deviations from the model assumptions
should impair performance only slightly, and

3) somewhat larger deviations from the model should not cause a catastrophe.

The necessity of robust estimators can be demonstrated by comparing two methods of
measuring error, the average squared deviation d,, and the average absolute deviation s,

defined by :
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ARE(s)
0 0.876
0.001 0.948
0.002 1.016
0.005 1.198

n

0.01 1.439
0.02 1.752
0.05 2.035
0.10 1.903
0.15 1.689
0.25 1.371
0.5 1.017
1.0 0.876

Figure A.1: Asymptotic Relative Efficiency for given error probabilities.

As an example, consider a batch of n observations of a quantity g, with probability 1 —=
of being a good observation with distribution N(z, 0%) and with probability = of being a bad
observation with distribution N(p,90?). For normal observations, s, is 12% more efficient
than d,,. However, in this example all errors are not normally distributed, some observations
with probability ¢ will have their errors multiplied by a factor of 3. To analyze this case,

[H81] defines a ratio asymptotic relative efficiency (ARE) :

\f';n'(s,q,)/(Es,q)2

() = tim var(d,)/(Ed,)?

Results from [H81] summarized in the following table show that for this example only
2 bad observations in 1000 are enough to offset the 12% advantage of s, in favor of d,,.
Therefore, the standard classic least-squares measure is clearly inappropriate when there
are outliers present.

A procedure for robust maximum-likelihood estimation (M-estimation) is derived in
[H81] and repeated here using the notation of [HS93]. The goal is to minimize a function of

the form:

min Z plz; —T) (A.1)

T
k i=1

where T}, is the parameter to be estimated. In this form, p is called the object function,



and T}, is called an M-estimate. This can be defined equivalently by differentiating with

respect to Ty, :

n

> Wi = Ty) =0 (A.2)

i=1

Huber proposed as an object function the following :

0.5z2, x| < a;
/J(-T)I{ ' <

alz| — 0.5a%, o.w.

which naturally results in :
—a, ifr < —a;

(x)=< x, iflz]|<q
a, 1fr>a

[H81] recommends setting the tuning constant a to some value between 1 and 2; the
time-to-contact algorithm seems extremely insensitive to the exact value of tuning constant
a. In general, the procedure can be used to estimate a m-dimensional vector # using n

functions f; which map m-dimensional space into an observation y; :

fl(g) =, 1= 1, %

In our case we are only interested in a single parameter, time-to-contact, so m = 1.
We have n = 31 observations y; of time-to-contact, one for each radius from the FOE. By

equation 4.1 the function that transforms the parameter # into observations y; is given by :

where 7 is equal to the radius. # should minimize :
i o (4= fi(9)
, S
=1

where S is a robust estimate of scale (for a scale-invariant M-estimate) defined by:

_ median;|y; — f:(0)]
a 0.6745

116



where 0.6745 is half the interquantile range of the normal distribution N(0,1). The
time-to-contact algorithm appears very insensitive to this constant. Here the median of
only the non-zero deviations are used, so as to not unduly bias the estimate.

There is no closed form for the M-estimate, so it is solved with an iterative procedure. As
an initial estimate for time-to-contact, the geometric average of the individual measurements
(one per radius) is used, considering only values that lie between the lower and upper-bound
thresholds.

For each iteration k., the modified residuals are computed:

* / Y — fl(el\) k

where S* is the estimate of scale at iteration k as defined above. Finally the least-squares

solution & to X6 = r*, where X = [2,;] is the Jacobian matrix:

0

Xyy = —— I-Hk = —

b2
Since we are only solving for one parameter (time-to-contact), j = m = 1 and the m by

n matrix X7 is only a 1x31 vector, the solution of

X'x6=X"r"
reduces to :
;X
XX
where ¢’ represents the inner product of two vectors. Finally, set ¥+ = gF 4 § and

iterate until 6 < € for some small e. For the time-to-contact algorithm with € = .001, the

procedure usually converges after only 4-6 iterations.
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