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Using Probability Estimates to Identify Environmental
Features for a Nonholonomic Control System
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A third-order set of nonlinear, ordinary differential equations models the relationship between internally mea-
surable wheel rotations and the position and orientation of an automatically guided vehicle, but these relationships
are imprecise, growing increasingly inadequate as their integrals, and the vehicle, proceed from point of departure.
An extended Kalman filter (EKF) is used to combine video observations of features on that portion of the envi-
ronment that does not move, together with the sensed wheel rotations, to produce the ongoing estimates needed
for navigation. The experimental usefulness is examined of a byproduct of the filter, the estimate error covari-
ance matrix, to an integrally related process: the process of identifying video observations with features of known
location within the environment; these identities are required for application of new vision observations to the
state estimates. The goodness of the EKF’s probability density functions is experimentally examined by comparing
them against actual, accumulated data; experimental results are presented from the use of an extensive theoretical
development that assesses, based on relative probabilities inferred from these distributions, the identities of densely

occurring, nondistinct cues.

Introduction

AVIGATION of a mobile, nonholonomic robot through a

workspace, such as a home or factory floor, can entail issues
interestinglysimilarin certainrespectsand dissimilarin others,com-
pared to the autonomous missile- or aircraft-navigationproblem. Of
particularinterestis the dual use made of the estimationerror covari-
ance matrix of the extended Kalman filter (EKF)! as it is applied to
vehicle position/orientation estimates using onboard image-sensor
observations of cues with known locations in a constructed indoor
setting. The error covariance matrix and state estimates are used
here in the usual capacity, in this case in the production of ongoing
vehicle-position and vehicle-orientationestimates. This paper dis-
cusses the way in which the error covariance matrix [ P] can also be
used to provideuseful probabilitiesregarding the identities of visual
cues, which are used in subsequent EKF-based estimate updates.

Certain kinds of features, such as vertical edges, are common
within an artificial environment and relatively easily detected in
the image plane; they may also, however, be (practically) indistin-
guishable from one another using real-time imaging, dense, and
frequently not part of the a priori map of the environment. The use-
fulness of the aforementioned probabilitiesin distinguishingamong
many similar visual featuresis illustratedand reportedusing special-
purpose elliptically shaped wall marks.

The usefulnessof cue-identity probability figures determined us-
ing output from the EKF depends on the reliability of the estimate-
covariance-based joint probability density functions themselves.
Because the EKF computations utilize algorithms that are based
on linearization, as well as assumptions of uncorrelated (over time)
white noise corrupting both the dynamic model as well as the indi-
vidual measurements, it is prudent, in a given application, to have
some empirical validation of the probability distributions predicted
by the EKF; it is also prudent to err on the conservative side in
utilizing these figures to make cue-identity inferences by using in-
coming visual datain a way thatmakes possible very high thresholds
of probability for acceptance of a particular cue identity. Also dis-
cussed is how both of these provisions are accommodated with a
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particularmobile-robotsystem, an automatically guided wheelchair
using onboard video observationsof wall-mounted features, as well
as ways in which the probabilities assigned to cue identities can re-
sult in increasingly high levels of certainty by utilizing 1) multiple
properties of a single detected feature and 2) multiple features, or
cues, appearing in a single observation.

Kinematic Differential Equations of Motion

The particularnonholonomickinematics of the wheelchairmodel
are useful for understanding nonholonomic systems generally.
Wheel rotation relates to change in the position/orientation of the
base. This relationship requires definition of 6, 6,, X, Y, and ¢, as
well as definition of the geometric parameters R and b, as given in
Figs. 1 and 2.

As will be discussed, three independent constraints, nonholo-
nomic constraints’ exist among the five coordinates 6,, 6,, X, Y,
and ¢. Note that X and ¥ denote the in-plane position of the mid-
point of the axle. Consider next a very small increment in the two
wheelrotations, A6, and A#,. As indicatedin Fig. 2b, the no-wheel-
slip assumption results in small incremental movements of the two
ends of the axle of RA6, and RAB,, respectively.

The resulting small increments become exact in the limit as the
rotations become infinitesimally small:

_ R(AG, — AB)

Ap = — (1)
AX = As[cos(¢)] )
AY = As[sin(¢)] 3)

Next, we define o and u such that Ao = As/R = (A0, + A6,)/2
and u = (A0, — A6)/(AB; + A6,). Considering the infinitesimal
limit on these definitions, the following differential kinematic equa-
tions of motion result:

ﬂ = Rcos¢ )
da
% = Rsing 5)
dp _uR
w_ b 6)

Defining the three-element vector x such that x=[X, Y, ¢]”,
Eqgs. (4-6) may be written in the state-equation form

d
= = fx.u) )

da
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Fig.2 In-plane position and orientation: X, Y, and ¢.

Note that it is unnecessary to introduce the variable time ¢ into
this model. Because the nature of the nonholonomic, no-wheel-slip
constraints is such that the departure of integrals of Egs. (7) from
the actual path is likely to grow with increasing o (average forward
wheel rotation) rather than with time per se, this time-independent
form is preferred for applications of the EKF. Specifically, dynamic
(kinetic) effects on wheel slip are deemed negligible due to low
operating accelerations and speeds; the order and complexity of the
required model are reduced significantly due to this negligibility.

EKF

For any nonholonomicsystem to repeat a path effectively, it must
solve the location problem; that is, it must be able to determine
its current pose. This problem is made difficult because the input-
output equations for a nonholonomic system are at most differen-
tial. Many early nonholonomic systems addressed this problem by
simply integrating forward the differential equations of motion, a
process commonly referred to as odometry or dead reckoning. In
practice, this has proven very inaccurate over long paths because
small errors in initial conditions, the system model, wheel slippage,
and the numerical integration tend to cause estimate errors to grow
as the integration progresses.

Several approaches have been taken to address this problem.
Among others, Borenstein® and Feng and Krogh* have suggested
various means of improving dead reckoning, including using two
coordinated robots or, alternatively, an adaptive model. Such sys-
tems are quite expensive in the case of the former solution and
require extensive setup in the case of the latter. More importantly,
they only address portions of the dead-reckoningproblem (one sys-
tem addresses errors in the model, the other errors due to a non-
planar surface). Other researchers, including those from Macleod
Technologies have eliminated the dead-reckoning process com-
pletely and instead use triangulation to compute the system’s cur-
rent pose. Such systems must always have a minimum number of
beacons (reference points) available, and accuracy is limited by the
accuracy of the most recent measurement.

Recently, several researchershave begun using estimation to de-
termine the pose of the vehicle 5= The presentwork buildson Ref. 9;
it is based on the following development.

The time-independent formulation of the state equations are of
the form

dx(a)
da
wherex is the state vector (sizen = 3), « is the independentvariable,
u is the control, and w is a 3-element process-noise vector, with an
associated 3 x 3 covariance matrix [ Q]. Furthermore, consider that
observations of the system can be made:

z(a) = hlx(a)] + v(a) 9
where z is the vector of observations (size m =1) and v is an m-

element measurement noise vector, with associated m X m covari-
ance matrix [R]. Note that w and v are assumed to be zero-mean,

= flx(@), u(e)] +w(a) ®)

Gaussian-distributedrandomnoise processes. Additionally, they are
assumed to be uncorrelatedamong elements and over time. Whereas
it would be difficultto argue for the validity of the uncorrelatedwhite
noise assumptionon w for this application, the assumptiondoes lead
to an effective algorithm because it acknowledges that there are er-
rorsin the systemmodel and in the measurements. Moreover, exper-
imental results given herein indicate that the distribution of actual
errors, as measured in the laboratory, is consistent with predictions
as derived from this model.

The estimate of the stateis denoted by E[x(«)], and the estimation
error covariance matrix of the state is denoted by [P («)] and is
defined according to

[P(@)] = E({x(@) — E[x(@)]}x(@) — E[x(@)]}") (10

where E represents the expectationprocess.' For discussionregard-
ing the means by which the elements of [ P] are computed and used
in the EKF, see Ref. 1. For a discussion of using information from
more than one type of sensor in the context of the present system,
see Ref. 10.

Video Observations

The present system uses charge-coupleddevice (CCD) cameras
mounted on the wheelchair to detect passive visual cues placed at
known locations throughout the environment. The horizontal loca-
tions of these cues in the image plane are the observations used by
the EKF. To utilize this information, the observation equation for
this measurement system must be developed.

The relationshipbetween the position and orientationof the vehi-
cle and the position of a cue in the image plane of the video camera
mounted on the vehicle is derived by assuming that the camera can
be modeled as a pin-hole camera. Using the pin-hole camera model,
the image-planelocationof a cue is related to physical space through
the following two equations:

X. = fx/z (11)

Ye=fy/z (12)

where x, and y. arethe horizontaland verticalimage-planelocations
ofthe cue; f is the effectivefocal length of the camera;and x, y, and
z are the location in physical space of the cue in the camera-fixed
reference frame shown in Fig. 3, where O is the focal point of the
camera.

Using Fig. 3b to establish some geometric relationships, we can
express the horizontal image-plane location of cue P as

_ Xpjocos¢* + Yp,o sing*
—Xpjo sing* + Yp,o cos ¢*

Xep (13)
where ¢* is the vehicle orientation ¢ plus a constant that relates to
the fixed camera orientation on the vehicle.

Equation (13) expresses the observation equation in terms of the
relationship between P and O. Introducing C = [C,, C,, C3, C4]7
to pertain to a particular one of the two onboard cameras, one of the
observation equations of Eq. (9) becomes

Xep
_c Xp—X)cos(p+C,)+ (Yp —Y)sin(¢p +C,) + C,
T o (Xp = X)sin(p+ Cy) + (Yp — Y) cos(@ + Cs) + Cs
=g(X,Y,¢; Xp,Yp)+v (14)
¥ ge-plane

«——appearance
of cue

a) physical cue

Fig.3 Pinhole camera model and typical wall cue (located at point P).
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where v is the random term as described for Egs. (9). In practice,
the parameters C,-C, are determined by calibration” Although X,
Y, and ¢ of Eq. (14) are the states, completion of the observation
equation requires X p, Yp, the previously measured coordinates of
the detected cue. These cue locations in turn depend on cue iden-
tification, and the necessity for reliable identification motivates the
development that follows.

Assigning Probability to Detected-Cue Identities

Once a cue is detected, the observation equation(s), of the form
of Eq. (14), can be used, together with current estimates E (x) and
[P] to assign a probability that the detected, located cue has a given
identity. This probabilityassignmentis basedon Bayes’ rule,'! given
here as

P(A)P(B|A)= P(B)P(A|B) (15)

where P(B | A) is the probability that event B occurs given that
event A occurs. We consider event B to be that a particular, candi-
date cue, cue i (i a numerical identifier of the cue), is the one that
is detected in the image. We consider event A to be that any cue
indication of a particular, discernible type (in this case either white
centeredorblackcentered;see Fig. 3b) is located viaimage-analysis
software’ within the small interval Ax, of horizontal camera space,
which is symmetrically located about a specific point x, in a given
image. Once such a cue has been detected, it remains to determine

P(B)P(A|B) NUM

P(A) "~ DEN
Consider first P(A | B) of the numerator (NUM) of the right-hand
side of Eq. (16). The probability that one particular cue, cue i,
given that it is known to be detected, appears in a certain region,

e.g., between x.; and x., of camera space, depends on a probability
density function f; (x.) according to

P(B|A) = (16)

P(ro <x, <x) = / il dr, (17)

or, presuming Ax, = X, — X, is very small,
P(A|B) = fi(x.)Ax, (18)

Now P(B) is the a priori probability that cue i is the one detected.
This numberis difficult to stipulatein advance; however, itisreason-
able to say that there is an equal probability, call it Py, that any cue
of the color/type of interest will be detected. Thus, the numerator
of Eq. (16) becomes

NUM = P, fi(x.)Ax, (19)

This NUM can be interpretedas the probabilitythatcue i is detected
and that it is detected in the very small camera-space region of
interest. The denominator (DEN) of Eq. (19) is the complete, a priori
probability that a cue, any cue of the right color, will be detected in
this same small region Ax,, i.e., the probability of event A. Because
event A could be associated with any cue, or even with a false cue
detection, DEN can be written as the sum of all of the probabilities
that specific cues (or a false detection) are detected in the sliver of
camera-spaceregion of interest Ax,:

DEN = P(A) ~ Z Peg fi(x) Axe + Pl fra(xo)1Ax.  (20)

j=1

where n is the number of cues deemed detectable (each of which is
enumerated over j), Py, is the probability of a false detection in any
new sample, and fi4(x.) is the probability density function of the
camera-space location of the false detection given that, indeed, one
does occur. Because there is assumed to be no location preference
for a false detection, fi(x.) is taken to be a constant f;, defined as
the reciprocal of the full range or extent of x,.
Substituting Egs. (19) and (20) into Eq. (16) leaves

i (xe)
Z/’ fj(xc) + Pfdﬁd/ch

P(B|A) = 2D

where it is noted that P(B | A) is the quantity of interest, i.e., the
probability that cue i is the identity of the detected cue given the
location of the detection. Note that Py /P, of Eq. (21) is the ratio
of the probability of a false detection to the probability of a partic-
ular cue’s actual detection in any sample. Because most available
cues are detected, Pyq is near unity (the image window across which
search occurs continues to be expanded about the expectation lo-
cation until a cue is found). If Py is taken to be approximately
the probability of a detection or indication in the environment of
interest when all cues are covered, it is relatively easy to establish
experimentallyby occluding the cues and calculating the fractionof
frames where indications are found with the vehicle posed in many
ways throughoutthe environment, about 0.05.

Probability Density Functions

The individual functions f;(x.) are easily approximated using
the estimates of X, Y, and ¢, as described, as well as the covariance
matrix [P], also as described, all of which are products of the ongo-
ing Kalman filter calculations. Requiring the function f;(x.) to be
Gaussian, we take the mean of the function E (x.) from Eq. (14) to
beglE(X),E(Y), E(¢); Xp, Yp], where Xp, Yp are the previously
measured, physical in-plane coordinates of cue j. The variance of
fi(xe) is E{[x. — E(x.)]*} = o and is approximated by first ex-
panding g in a Taylor series about E(x.). Retention of the linear
terms only of the expansion produces

g g g :
2~ _° —_ —_—
o'~ E [Ax<ax>+Ay<ay>+A¢<a¢>+v:| } (22)

where the partials are evaluated at E(x) and at Xp, Yp accord-
ing to the in-plane physical coordinates of cue j. Also, Ay =X —
E(X), Ay =Y —E(Y), Ay = ¢ — E(¢); here E[v*] = r? is the
assumed variance of the (zero-mean, uncorrelated) measurement
noise. Equation (22) results in

2 2 2
R R )
o) () ()
] R R )
+ (P2 + P21)<8_f(> (8_;7) + (Pi3+ P3l)<8_f(> (ﬁ)

0 0
+ (P +P32)<8_§> (%) +r? (23)

where the quantities P;; are elements of the EKF’s estimate-
covariance matrix [P] as already defined. With the probability es-
timates for all possible cue identities associated with a particular
indicationin hand, a threshold,e.g., P(B | A) = 0.95, may be set as
the conditionforacceptinga particularcue identity, thereby utilizing
the associated sample in the estimates.

Other, more ad hoc, criteria for accepting cue identities have
been considered, e.g., closest to expected camera locations, high-
est P(A | B), tried over time, and rejected as inadequate. In fact, it
has been the described implementation that has made apparent the
need to improve on the absolute probabilities by utilizing the en-
hancements of the following sections. There are two reasons for the
importance of this. 1) Few things are more damaging to retention
of good estimates than misidentification of a cue. 2) When the es-
timates do degrade due to misidentification, the variances will not,
by themselves, reflect this. It is, instead, the consequent decline of
subsequentlydetected cues’ identification probabilitiesthat leads to
the conclusion of severe estimate corruption.

Second Cue Attribute

The limitation, or tradeoff, associated with the described strategy
for gaining cue identification may be obvious: Increasing the thresh-
old for acceptinga cue identity (clearly a desirable thing to do) risks
failure to identify. Larger physical separations between placed cues
helps here, but with fewer cues the frequency of observations goes
down, thus reducing system position/orientation-estimateaccuracy.
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Fig. 4 Joint probability density function involving camera-space cue
width and position.

Two remedies to this problem are investigated: 1) consideration
of a second cue attribute, cue image-plane width, and 2) multiple
cues/observations. Item 1 is considered in the present section, and
item 2 is discussed subsequently.

Justas Bayes’ rule was used earlier to determine the probability of
a cue detected at image-plane location x, having identity i based on
the probability density function f;(x.) together with similar func-
tions for the other cues, f;(x.), j=1,2,3,..., so,too,Bayes’rule
can be used with combined criteria, in this instance cue width in the
image plane w, combined with x. as used before. Figure 4 shows
the joint probability density function associated with a given cue in-
dication, using the two attributes. Representing cue j, its functional
formis

fi@ew) = @) QI Texp[~Le) [QNe}]  (24)

where [Q] is the a priori covariance matrix for the two metrics,
calculated from [ P] as will be described, and where

{e} = ler, 2] = {[xc — E(x)], [we — Ew)}T (25)

where E (x.) is determinedfrom E (x) as discussedearlierand £ (w,)
is determined from prior knowledge of the physical width of cue
J, prior knowledge of the unit normal for this cue, and E(x) as
follows. Referring to Eq. (14), the observation equation, given by
X = &(X,Y,¢; Xp, Yp) + v, itis noted that the image-plane cue
width Ax., can be written

g g
Ax,, ~ A —=)A 26
Xep <8Xp> wX+<8Yp> Wy (26)

where Awy and Awy are components of the physical width of the
cueasprojectedonto the X and Y physical (room) axes, respectively.
They are determined from the (input) total physical width of the
cue Awp combined with the (also input) unit normal to the cue,
ep = eyxi+ eyj(i andj aligned with the X and Y axes), accordingto

AU)X = —AwPEY (27)

Awy = Awpey (28)
Thus, referring to Eq. (26), we may write
Ax., =h(X,Y,¢; Xp, Yp, Awp,ex,ey) +¢ (29)

where ¢ is a random term (similar to v), which is taken here to be
negligibly small. Defining [Q] as E ({e}{e}”), it is straightforward
to derive its four elements according to Eq. (25), in terms of E(X),
E(Y), E(¢) as well as [P] by noting

e = AX (g—)g;) + Ay(;)_i) + A¢ (g-i) +v (30)
oh oh oh
€2=AX a_X +Ay a_Y +A¢ % (31)

where, as before, all partials are evaluated at £ (x). Finally, Bayes’
rule is applied in a direct extension of Eq. (21) with

fi(xc» wc) Pfdffd(xc» wc)

+ (32)
Zj fj(xc» wc) ch

P(B|A) =

where the function fi(x., w,) is taken to be constant across the
range of (x., w.) space deemed possible for false detections.

Experimental Results

The apparatus used to produce experimental results is shown in
Fig. 5. In addition to being able to read the ongoing encoder an-
gles for each of the two rear drive wheels, the apparatus has two
cameras mounted beneath the seat, which are able to detect cues on
walls.

One kind of test performed using the apparatus,mentionedearlier,
is the extent of agreement between actual, measured vehicle posi-
tion error and the distribution of error expected from EKF-based
probability density functions. To test this, the chair was stopped at
approximately 50 locations at various junctures during several dif-
ferent repeat trajectories, and its position error normal to the vehicle
direction was measured (using a plumb bob dangling down to the
floor) againstthe counterparttaught position. The system’s estimate
of the discrepancybetween these two position components was sub-
tracted from the observed quantity. This figure, taken to be the error
in the vehicle’s position estimate, was then normalized by the stan-
dard deviation computed using the EKF for this error component.
The ideal result of a unity-variance Gaussian distribution is shown
plotted against the actual distribution of errors in Fig. 6. This result
adds to the confidence of basing cue-identity probabilities on the
EKF’s error covariances.

The most straightforwardmeans by which to report the advantage
gained by introducing the second attribute, cue width, into consider-
ation is to report on the number of rejected measurements observed
during a pair of otherwise identical runs, one run using x, only and
the second using both criteria x. and w... For both runs, the require-
ment for acceptanceof a cue identity would be a probability greater
than 0.95.
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Fig. 6 Histogram of normalized errors.
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In 15 separate repeat runs (long trajectories, with path lengths
exceeding 30 ft, previously taught by the human operator), on aver-
age, the use of the dual criterion reduced the incidence of rejected
cue information by about 80% compared with the same run using
position only. Where the single attributeis used, the average proba-
bility associated with the correct cue identity is about 0.939; where
both attributes are used, this figure goes to 0.986.

Moreover, whereas instances of wrong cue-identity assignments
were reasonably common prior to implementation of this measure,
following implementation not a single case of false identification
has occurred with the same cue spacing. For more information on
this and further experimental error distributions, see Ref. 12.

Using Multiple Cues

Although some considerable advantage is realized by involving
the secondattribute, for purposesof safety and reliability there is still
a desire to at once significantly increase the acceptance-probability
level to perhaps 0.995 while doubling or tripling the density of cues
on the wall. Because cue position and width seem to be the only
reasonably reliable attributes that are chair-locationdependent, we
turn to a somewhat distinct strategy: multiple cues.

It is possible, given adequately dense positioning of cues on the
wall, reliably to acquire two or more indicationsin any given image.
Such an acquisition permits the multiple-cue-identity probabilities
to be assigned based on the estimate covariance matrix [P] of the
EKF, analogous to the single-cue probabilities already discussed.

When N cues are detected in a given image, the counterpart to
fi(x.) of Eq. (21) or f;(x., w.) of Eq. (32) is denoted here by
frel x20xN), J=1,2,3,..., M. Here, f;(x!,x2,...,xY)
represents the value of the joint probability density function associ-
ated with the Jth of M possible sets of physical identities of the N
cues detected, including the possibility of up to N false detections.
Clearly, several criteria will limit the number M of possible cue
identities. These include cue type, left-to-right order, and so on.

The counterpart to the Bayes rule results of Eqs. (21) and (32)
becomes, for this case,

1,2 N
f,(xc,xc,...,xc)

ZJ fj(xcl,xf,...,xf’)

Thisis the probabilityofidentityset /, giventhe N observedcamera-
space cue locations. The actual calculation of f, makes use of the
fact that the individualevents, x!, x2, ..., x", are not independent.
Thus, f; is found according to

f,(xcl,xf,...,xjv)
= fl(xfl)fz(xf xcl),...,fN(xjv |xcl,xf,...,xiv_l) (34)

where the indices 1, 2, 3, .. ., refer to the previously ordered, hy-
pothesizedcue-identitysets and associated probability density func-
tions connected with the Jth consideredsequence. Thus, f, ()cc2 | xj ),
for example, is the probability density function associated with the
second sequenced cue (for sequence J) given that the estimates
E(X), E(Y), E(¢), and [P] are first updated by using the sample
x! with the assumption that this sample corresponds with the first
cue identity in sequence J.

If the observationequation [Eq. (14)] were linearin X, Y, and ¢,
then the function f; of Eq. (34) would be unaffected by the order
in which the observationsidentified with J are arranged. However,
with the nonlinearity there is some small discrepancy depending on
this order, indicating the approximate nature of the probability of
Eq. (33).

As an indication of the effectiveness of this new approach, con-
sider the following. When N =2, in a series of recent typical trials,
the average calculated probability associated with the correct in-
terpretation of the two cues is about 0.9999, whereas, using the
single-cue position only criterion, the average probability during a
typicalrun associated with the correctcue identity is about 0.94. Us-
ing the single-cue dual criteria, this rises to 0.986. Clearly, it will be
worthwhile extending the preceding development to multiple cues
entailing the dual criteria.

P(B|A) = (33)

Summary

Just as the combination of location estimation and attribute iden-
tification is considered in certain missile-guidance applications,'
the paper presents an example of the same combination of con-
siderations with a potentially every day, domestic application, the
automatic guidance of a power wheelchair for severely disabled
individuals.* Illustrated is a series of increasingly effective ways
in which a byproduct of the EKF estimation algorithm, the error
covariance matrix, can be used to identify with high certainty the
particular cues detected via video to upgrade position/orientation
estimates.

In practice, the single most common reason for failure with the
experimental apparatus has been insufficient cue density, misiden-
tified cues, and/or inadequate probability to disambiguate cue iden-
tity. Such failure has been associated with both inadequate position/
orientationaccuracy of the estimates due to too few observationsper
unit distance traveled; it also is associated with false cue identities.
Thus, the combination of single-attribute, single-cue identification
and more ad hoc methods of identification (such as the closest-to-
prediction criterion) is what has motivated this work. The promise
of using multiple indicationsin a single image, is illustrated, as well
as multiple cue attributes, to allow both denser cue representation
in the environment and significant improvement in the probabil-
ity of correctly identifying detected cues. With implementation of
these measures system reliability is approaching 100%. (Note that,
in practice, initialization could be problematic unless there is some
assurance of accurate initial positioning; hence, we have devised
special-purpose, distinct cue forms,'* which provide good initial-
ization if they are in view.)

Conclusion

The work carries important implications not only for the present
system, with its requisite positioning of artificial marks on the wall,
but it may be the key to subsequent efforts, which make use of the
easily detected vertical edges that are abundantnaturally in the fab-
ricated settings for which this class of vehicles (as well as others
such as floor-maintenance vehicles) are likely to operate. (Digital
video and discussion of other aspects of the system discussed herein
is available on the World-Wide Web, URL: http:/www.nd.edu/
NDInfo/Research/sskaar/Home.html.)
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