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Abstract

A methodology for integrating multiple perceptual algorithms within a reac-
tive robotic control system is presented. A model using finite state acceptors is
developed as a means for expressing perceptual processing over space and time
in the context of a particular motor behavior. This model can be utilized for
a wide range of perceptual sequencing problems. The feasibility of this method
is demonstrated in two separate implementations. The first is in the context
of mobile robot docking where our mobile robot uses four different vision and
ultrasonic algorithms to position itself relative to a docking workstation over a
long-range course. The second uses vision, IR beacon, and ultrasonic algorithms
to park the robot next to a desired plastic pole randomly placed within an arena.

1. Introduction

Designing robust perceptual algorithms for navigation in open world domains is
a very difficult task. One strategy that can be exploited to cover a wide range of
robotic operations is to design a sequence of perceptual algorithms, each associated
with specific task-oriented behaviors and certain environmental circumstances. This
strategy is in contrast to a reliance on one or a few algorithms that are in constant use
over the entire range of robotic operation.

The channeling of perceptual processing to motor control has been one of the found-
ing principles for our research in intelligent navigation. The use of reactive control
through behavioral decomposition? provides a context for the choice of robotic percep-
tual strategies while the use of action-oriented perception® serves as the basis for tying
together tightly focussed perceptual algorithms with specific behaviors.



We have previously demonstrated the efficacy of these principles when tested in
isolation®11:2427 Tt is our goal, however, to accomplish missions which rely even more
heavily on a wide range of perceptual capabilities. Thus it becomes important to be
able to reconfigure sensor strategies (perceptual schemas) as the robot moves through
the world. The question of “what to perceive and when to perceive it?” must be
answered in order to provide timely robotic response in a dynamic and only partially
modeled world. This article specifically addresses this problem: coordinating motor
control with multiple supportive perceptual algorithms.

A brief review of recent work in selective perception and reactive robotic control is
presented in the next section. The underlying philosophy and methodology of our par-
ticular approach follows. The first instantiation of this methodology is then presented
in the context of a mobile robot docking with a workstation. Four different perceptual
algorithms are sequenced to accomplish this task from a range of about 40 feet to a
final position within several inches of the dock. Experimental results are presented
using our mobile robot George. A second implementation that was developed for the
Georgia Tech entry in the AAAI 1992 mobile robot competition!® is also presented.
Three perceptual algorithms are used to guide the robot to a specific plastic pole. A

summary and conclusions section completes the article.

2. Related Work

Developments in the areas of reactive robotic control and selective perception serve
as a background for this research.

2.1 Reactive Robotic Control

Reactive control is an approach to robotics that eliminates the use of interven-
ing representation and reasoning during the execution of a robot’s mission. A tight
coupling between perception and motor action is present. This strategy provides for
real-time response and is particularly well-suited for dynamic and unmodeled (or par-
tially modeled) environments. Additionally robotic actions are typically decomposed
into a collection of primitive motor behaviors, each of which is capable of functioning
more or less independently.

There are now many representative examples of reactive control systems. These
include the subsumption architecture!3:15, the use of virtual behaviors?®, and work by
a variety of other research groups (e.g., 22:3%:19).



Our approach to reactive control is based on the use of motor schemas3. Multiple
motor schemas (behaviors), instantiated on the basis of higher-level knowledge?, act
in a concurrent manner to yield a globally emergent behavior which strives to satisfy
the robot’s goals. Many different schemas have been defined for a variety of situations.
The most important ones for the context of this article include the following:

e move-to-goal: directs the robot towards a perceived object.
e avoid-static-obstacle: moves robot away from detected impediment to motion.

e noise: random vector to produce wandering and cope with local minima and

maxima.
e avoid-past: moves robot away from where it has recently visited.

e probe: directs robot towards open areas.

Each behavior independently creates a velocity vector based on an analog of the po-
tential fields method which are summed and normalized to yield the desired velocity
of the robot based upon its immediate perceptions of the world.

2.2 Selective Perception

Specialized perceptual strategies are necessary to support behavior-based robotic
systems. Instead of conducting large-scale scene analysis, task-specific sensor algo-
rithms can be constructed and run in parallel to support each individual motor behav-
iors’ needs. This philosophy which goes under the name of action-oriented perception,
task-specific perception, and selective perception all strive to channel perceptual atten-
tion and energy effectively. A recent AAAI Workshop on selective perception includes
several representative approaches to this problem?.

3. Approach

In order to best utilize limited computational resources it is important to channel
perceptual processing effectively. Using a behavior-based approach for the design of
robotic systems enables the focusing of perceptual processing in ways that are fun-
damentally different from those whose efforts are concentrated into building global
representations of the world (e.g., 12:23:25).

There are several aspects to this approach?®:



1. Sensor fission: splitting off perceptual processing in the context of particular
motor tasks and running these perceptual agents (schemas) in parallel.

2. Action-oriented sensor fusion: utilizing multiple perceptual algorithms concur-
rently to build up task-dependent representations of the world. 26

3. Perceptual sequencing (sensor fashion): utilizing different perceptual strategies
at different points in time and space to produce a uniform motor action.

The remainder of this article outlines the natural seams by which perceptual algo-
rithms can be readily coordinated and concentrates on item (3) above.

3.1 Perceptual Sequencing

As discussed previously, by avoiding the construction of task-independent repre-
sentations of the world, it is ensured that only relevant sensory processing is being
performed. It must also be recognized that a single perceptual algorithm (or single
aggregate of concurrent perceptual algorithms) will often not be able to satisfy the ex-
tended motor needs of a single behavior (schema). For example, it is wasteful to have
long-range goal recognition algorithms in operation when the robot is close to its goal.
The same holds for the value of close range positioning algorithms when the robot is
far from its target. Multiple perceptual algorithms are called for, with a mechanism
for sequencing them during the performance of a motor behavior.

Perceptual sequencing is a methodology by which multiple perceptual algorithms
can be scheduled within the context of a single motor behavior. The goal is to have
the right perceptual algorithm active at the right time. Little previous work has been
performed in the area of perceptual sequencing in the context of a reactive robotic
system. Most previous research has either been concerned with fusing together multiple
observations over time (traditional sensor fusion) or using a single perceptual algorithm
to control a specific robotic behavior (conventional reactive systems).

A framework must be developed to express the relationships between the perceptual
processes. It needs to include the notion of perceptual state and a means for expressing
the transitions between these states.

Trigger events are specified which represent these transitions. The nature of these
triggers can be quite varied:

e They can be derived from spatial uncertainty information and the robot’s ex-
pected position relative to a perceptible object?.



They can be based directly on elapsed time since the beginning of an event.

They can be in response to the successful completion of a perceptual algorithm.

They can result from failure conditions detected during perceptual processing.

They can occur due to termination of a motor activity.

Formalizing the approach, a finite state acceptor (FSA)! can be devised to repre-
sent these relationships. Finite state models have been previously used to represent
relationships in robotic control. Brooks uses finite state machines to provide expression
for motor control in the subsumption architecture'®. Tachi and Komoriya?® have used
an automaton map representation in the MELDOG system. FSAs have also been used
for path control of vision-based mobile robot navigation3":8. Our use of FSAs differs
decidedly from all of these methods, both in application (perceptual coordination) and

expression.

A finite state acceptor M can be specified by a quadruple (@, d, go, F') with:

e () representing the allowable states (in this case, the allowable perceptual schema),

0 being a transition function mapping the perceptual input and the current state
to another, or perhaps the same, state (capturing the trigger mechanisms de-
scribed above),

Qo is the starting sensory configuration, and,

F'is a set of accepting states, a subset of ), indicating completion of the sensori-
motor task.

d can be represented in a tabular form where the arcs in the FSA (e.g., Fig. 1) are
invoked by sensory information that causes the trigger condition to exist.

A simple example is given for the utilization of two distinct sensory algorithms for
a single motor task. The first ¢y is used for distant perception, the second ¢; for close
in navigation.

The FSA for this example (Fig. 1) would be represented by the quadruple:

({qu q1, 92, q3}7 6a 90, {qQa Q3})
where g9 represents normal successful termination, g3 represents abnormal termination.

Here ¢, the transition function, is specified by:



d o : long-range perception n : normal
41 : close-range perception t : terminal

g2 : normal termination r : recoverable error
g 3 : abnormal termination f : fatal error
a:all

Figure 1: Simple example of a perceptual FSA

1) normal terminal recoverable error fatal error
qo0 90 q1 q1 g3
q1 q1 g2 90 g3
g2 g2 g2 92 92
g3 g3 g3 g3 g3

The column on the left depicts the current state with transitions occurring to new
states as determined by any of four different types of input (normal, terminal, recov-
erable error, and fatal error).

For this particular example, normal sensory input maintains the initial perceptual
schema in its existing configuration driving the robot in accordance with the results of
the algorithm. When new sensory input causes the first perceptual algorithm (g) to
terminate normally (e.g., recognition, or some other trigger event), the second percep-
tual algorithm (¢;) is invoked. The second algorithm proceeds as long as valid sensory
input is received. When successful goal completion occurs, it transits to the normal
termination state (¢gz). If an error occurs that is deemed recoverable, it reinvokes the
first perceptual algorithm (go) to start over if possible, otherwise it denotes abnormal
termination (gs).

More comprehensive examples are presented in the experimental section of this
paper.

The issue of complexity for FSAs which may have multiple transitions to new states



from a single state is an important one. Opportunism can be represented in this method
by having the robot have the potential to recognize one of many possible candidates
for action. An example might be as a robot is moving through a building, it could be
on the lookout for a recharging station, an object to retrieve, or something to clean.
As schema-based control is inherently parallel 3, this presents no problem whatsoever.
Multiple perceptual processes may be running in the context of a given state, each
perhaps awaiting recognition of a particular event to invoke a state transition and thus
carry out that particular behavioral stream (e.g. cleaning, recharging, or retrieving).
If more than one trigger is satisfied at the same exact time (which is generally unlikely)
either a priority based scheme could be used with one perceptual cue taking precedence
over another, or a non-deterministic FSA could be used to resolve the conflict between
them. Higher level processes could also dynamically affect the FSA as well, so that the
perceptual plan could be modified based on other conditions (e.g., such as available
energy resources enabling or disabling the perceptual strategy for finding the recharging
station). This is an area left for future research.

3.2 Basis for Perceptual Sequencing

A natural decomposition arises from the existence of two distinct types of move-
ment often found within the context of a single behavioral task: ballistic and controlled
motion. There is strong physiological evidence for the existence of these two discrete
types of motor control in biological systems!4?!. Ballistic motion, a coarse high-speed
operation, is typically supported by feedforward perception. Controlled motion, gen-
erally slower and more precise, usually involves intensive sensory feedback. The issue
of how perceptual strategies can be effectively integrated to support ballistic and con-
trolled motion in navigation is of primary concern in the following discussion, but these
general principles can be extended to robotic manipulation tasks as well.

Within this context, at least three types of distinct perceptual activity prove useful:

e Ballistic feedforward

Long range sensory cues that are utilized to initiate motion in a particular di-
rection. Sensory feedback is not required to be rapid (or present at all for that
matter), but a broad long-range and somewhat speculative motion (in regards
to the goal being achieved) is undertaken. This type of perception has also been
referred to as bootstrapping?.

e Exteroceptive cueing



At some point during the robot’s travel, a trigger must invoke the transition from
ballistic to controlled motion. This trigger can be arbitrarily specified in terms
of elapsed time or expected spatial proximity, or it can be be based on explicit
perceptual recognition. In the case of a speculative perceptual cue being used to
initiate ballistic motion, a subsequent recognition process can be used to confirm
or annul the target hypothesis that initiated the ballistic motion. The results of
the recognition operation can either make the switch to controlled motion in the
case of a positive identification or else terminating ballistic motion in the case of
inaccurate feedforward data.

e Adaptive feedback

Once the target object has been identified, especially if located by a more costly
model-based recognition technique, it is advantageous to abandon the precon-
ceived notion of what the object looked like (i.e., the model) and track it based
on its extracted appearance from instant to instant. By utilizing only the rel-
evant salient features of the object, rapid sensory feedback can be provided for
the controlled motion phase providing for precise final positioning of the robot
relative to the target object.

The key to the overall process lies in designing low-cost (and usually low-confidence)
perceptual algorithms that initiate ballistic motion; providing high-confidence model-
based recognition algorithms to positively identify the target object/position; then
transitioning to controlled motion using tracked feature data directly extracted from
the sensory input stream. This process is demonstrated in two specific examples in the

next two sections.

4. Workstation Docking Example

We have chosen to demonstrate these perceptual principles in a scenario within
which we have often worked: docking in a manufacturing environment. The details
for the docking motor schema are provided in'?. Summarizing, there are two distinct
regions: the ballistic component where the robot moves directly toward the worksta-
tion dock using relatively inaccurate and speculative feedforward perception, and the
controlled component where the robot moves more cautiously using adaptive tracking
techniques to achieve final positioning relative to the workstation. The transition zone
is where the exteroceptive cue provides the change from ballistic to controlled motion.
Within the controlled region there are two types of motion: coercive, where the robot



moves around the dock and into the approach zone where the robot is channeled into
the final trajectory for docking.

From a perceptual standpoint, the requirement for the long-range ballistic cue is
straightforward: the generation of a hypothesis for the location of the docking work-
station. T'wo techniques are available: one based on the assumption that workstations
have a high degree of motion associated with them and the other utilizing a light source
as the initial direction indicator?4. A constrained Hough transform algorithm is used
for explicit dock recognition3? and adaptive region-based visual tracking techniques as

well as ultrasonic distance measurements are used for final positioning?”.

4.1 Perceptual Algorithms

Space constraints preclude a detailed description of each of the perceptual algo-
rithms described below. The details are available in other supporting papers which are
cited where appropriate. The interested reader is referred to those articles if interested
in implementing the vision algorithms. It should be remembered it is the intent of this
paper to demonstrate the coordination of these perceptual strategies. Certainly other
vision algorithms can and hopefully will be created to work in conjunction with, or
in lieu of, the ones described below. The key point that must be remembered is not
which algorithms are used, but rather how they are used in relation one to another.

4.1.1 Long-range Ballistic Cues

The long range perceptual algorithms are responsible for attracting the robot to
the general area of the dock. They are not expected to be exact or robust and will
fail under a variety of conditions. It is the job of a high-level planner to determine
their applicability and selectively enable the algorithms that should prove useful in
solving the current goal. Two such perceptual algorithms have been selected to be
included in our current experimental implementation based on their simplicity and low

computational requirements.
Phototropic perception

The phototropic (light seeking) perceptual algorithm?* attracts the robot to areas of
high light intensity. This bright light could be a naturally occurring workstation light
or an artificial beacon placed at the intended destination. To initiate tracking, the
camera searches for a bright light and then provides support for the ballistic phase of
the docking schema. As the robot moves through the world, the phototropic algorithm
generates an attractor field surrounding the light until it is deactivated. The algorithm



functions simply by finding the location in the image with the highest intensity and
frequently resampling the world as it moves toward its goal.

Activity Detection

The activity detection (motion seeking) perceptual algorithm determines areas of
high motion activity. This motion would be expected to coincide with pick-and-place
robots operating near the intended destination or other related workstation activity.
Tracking is initiated by directing the camera towards the target. Spatial constraints’
enable the bootstrapping of the algorithm to be straightforward.

This algorithm builds up motion intensity planes by differencing and normalizing a
collection of successive video images. Two variations are feasible: the first is based on
the absolute intensity difference between the images, while the second is unconcerned
with contrast levels and assigns a single vote to each pixel whose difference exceeds
a specific threshold. High-level planning would determine which variation is most
appropriate for a given workstation. Details of the algorithm appear in'l.

4.1.2 Recognition using Spatially Constrained Hough transform

A spatially constrained Hough transform3? is used to perform model-based recog-
nition of the dock. This recognition phase serves as the hand-off point between bal-
listic motion and controlled motion. The algorithm is assisted by knowledge avail-
able from a spatial uncertainty map which expresses both positional and orientational
uncertainty?’, constraining the possible locations of the dock. Feedback from distance
traveled, elapsed time, or estimated vehicle position all can serve as trigger mecha-
nisms. When triggered, the algorithm determines the most probable location of the
dock within the current image. It generates a predicted location as well as a measure
of certainty that can be used to evaluate the match. This algorithm serves as the
exteroceptive cueing mechanism in our experimental example described below.

4.1.3 Adaptive Tracking via Fast Region Segmentation

The inverse perspective transform is applied to a target region of known size and
position relative to the dock. The target region is extracted using an adaptive fast re-
gion segmentation algorithm?” applied to the image. This region segmentation method
is resilient to changing intensities across the region. The result is a measure of the dis-
tance and approach angle of the vehicle relative to the target. This algorithm provides
the necessary visual feedback for the controlled portion of the docking maneuver.

10



4.1.4 Final Positioning with Ultrasound

When the robot gets close enough so that the target used for adaptive tracking
goes out of the field of view, a final positioning algorithm using ultrasonic sensors is
employed. This enables the robot to move to the final docking location where cargo can
be transferred. This algorithm simply holds the vehicle heading until the remaining
distance to the dock has decreased to the final goal value.

4.2 Experiments

An experimental scenario has been constructed to demonstrate the principles de-
veloped earlier in this paper. The goal is to demonstrate this methodology in which
coherent control between perceptual algorithms can be obtained, and not to lay claim
that these individual perceptual algorithms are necessarily the best for this particular
task. We intend to develop more algorithms to supplement the existing ones described
below. This study in perceptual sequencing is adequately served, however, by this
battery of perceptual tools.

4.2.1 Discussion

The FSA shown in Figure 2 represents the control flow in our experimental system.
The FSA would be represented by the quadruple

({qm q1,42, 93, 44, QS}a 5a 90, {q47 QS})

where g, represents normal successful termination and ¢5 represents abnormal termi-

nation.

Here ¢ is specified by:

1) normal terminal recoverable error fatal error
qo0 90 q1 90 g5
q1 g2 g2 90 g5
g2 g2 g3 q1 g5
g3 g3 qa g3 g5
g4 g4 g4 qa qa
gs g5 g5 g5 g5

State go indicates a long-range ballistic perceptual algorithm used to generate bal-
listic motion. This state represents either the phototropic or activity detection al-
gorithms. The choice would be made by a higher level planner? before invoking the
docking schema. In the experiment described below, the phototropic method is used

11



Ballistic Controlled

d o : ballistic perception n : normal
g1 : exteroceptive cue t : terminal
d > : adaptive tracking r : recoverable error
q 3 : final positioning f: fatal error
a:all

g4 : normal termination

J5s : abnormal termination

Figure 2: Experimental FSA

for state qg. The mowe-to-goal, avoid-static-obstacles, and noise motor schemas were
active in this state.

When the vehicle moves sufficiently close so that the structure of the dock itself
should be discernible, a transition occurs, moving perceptual control to state ¢;. This
state represents the exteroceptive cueing process which separates the ballistic and con-
trolled motor phases. In our experiment, the model-based recognition Hough transform
method is used to determine the presence of the dock within the image 32. (The Hough
transform 20 is a method for recognizing arbitrary shapes within an image). If the dock
is located, then control passes to state ¢, otherwise control returns to state gg.

State ¢, represents the adaptive tracking algorithm which supports the controlled
motion. This state remains active until either a proximity trigger moves control to
state g3 or a failure of the tracking algorithm returns control back to state ¢; for
re-recognition.

State g3 completes the final positioning using the ultrasonic sensors to judge dis-
tance. The mowve-to-goal motor schema was used to generate this motion. When the
robot reaches the final parking position, state ¢, is activated to signal completion of
the docking task. Any failure in this final phase that leaves the robot too close to the
dock to allow any further movement is deemed fatal. Fatal errors (non-recoverable)
in any of the perceptual strategies result in a transition to g5, which would require

12



Figure 3: Experimental Set-up

invocation of the high-level planner to reconfigure the motor and perceptual strategies
to cope with the unforeseen event.

4.2.2 Results

Our experimental environment is shown in Figure 3. The docking behavior is
initiated with the phototropic detection algorithm being selected as state go (point 1 in
Figure 4). Figure 5 shows the results of the phototropic algorithm. The robot avoids
obstacles as it moves towards the bright light using ultrasonic data in conjunction with
the avoid-obstacle behavior. The robot remains in state gy until point 2 is reached.

State g; then is activated (point 2 in figure 4), based on a priori spatial knowledge
of the world and an understanding of the motion that the robot has already undertaken
7. The Hough transform used for model-based dock recognition 32 is invoked only when
the robot is close enough to the dock to recognize it using this method (in this case
approximately 15 feet plus or minus four feet). At this point, a series of five line-
based models of the dock are generated from the expectations of scale and orientation
as constrained by the uncertainty in the robot’s position and are used within the
Hough transform. All of the votes resulting from these transformations are cast within
a single “compressed” Hough space in image coordinates prior to maxima location
for recognition. The net result is that the model-based Hough transform procedure
successfully recognizes the dock (Fig. 6).

13
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Figure 4: Results of Robot Run

Figure 5: Results of Phototropic Algorithm (gq)
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Figure 6: Successful Recognition of Dock by Hough Transform (g¢;)

State ¢o is now activated and controlled motion begins using the adaptive region
segmenter. The target region has been correctly located (Fig. 7a) and movement
continues. In Figure 7b, the adaptive tracker has lost the target again due to occlusion
by a moving object (point 3 in Fig. 4).

Control now returns to state ¢; and the Hough transform attempts to relocate the
dock but the occluding object is still blocking the view. Control returns back to state
go (phototropic algorithm - from point 3 to 4). The robot moves a bit to obtain a new
image, then reverts back to state ¢; (point 4). The occluding object has now moved
out of the way, so the Hough successfully re-recognizes the dock (Fig. 8). Figure 8a
shows the original dock. Lines extracted from the image (Fig. 8b) are passed to the
Hough transform. In Figure 8c note that the dock was correctly located.

The system re-enters state gy, as seen in Figure 9a, (from points 4 to 5 in Fig. 4),
tracking successfully.

In Figure 9b (point 5 in Fig. 4), the vehicle is now too close to effectively use
adaptive tracking any more (the trigger is based on the size of the region exceeding
a predefined threshold) and control now passes to state g3 which performs the final
positioning using ultrasound (points 5 to 6 in Fig. 4). Control finally passes to state
¢4+ (point 6) and the vehicle stops in the final position shown in Figure 10. Other
experimental runs were conducted with similar results, testing the FSA mechanism

15



(a) Normal region extraction (b) Region lost at point 4
Figure 7: Adaptive tracking (g2)

with and without various error conditions, in order to show the versatility of this
method.

5. AAAI Competition Example

The Georgia Tech entry in the 1992 AAAI mobile robot competition'® used tem-
poral coordination of the perceptual algorithms during two phases of the contest. The
competition required each robot to recognize, identify, and visit each of ten poles placed
in unknown locations within an arena. Competitors were encouraged to add perceptual
cues to the poles to ease the recognition requirements.

When a move-to-pole behavior was active, (move-to-pole is short for the move-
to-goal motor schema instantiated with the find-pole perceptual schema), the robot
located the desired pole, moved towards it and then parked next to it. This task was
similar to the docking work described in the previous section. The robot utilized long
range perceptual algorithms to facilitate ballistic motion and short range perception
for the controlled phase of motion. Temporal coordination of the algorithms was used
to activate algorithms only when they were needed and to provide robustness in the

case of perceptual failures.
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(b) Extracted lines (c) Recognized dock superimposed on image
Figure 8: Re-recognition of dock after tracking failure
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(a) Normal region extraction (b) Last region segmentation at point 5
Figure 9: Re-invocation of adaptive tracking

Figure 10: Final Position of Robot at End of Run

18



5.1 Perceptual algorithms

The long-range perceptual algorithms are responsible for identifying the desired
pole’s location. The uncertainty in the predicted location is estimated to increase with
distance to the pole.

5.1.1 Long-range Ballistic Cues

Two independent, long range perceptual algorithms were developed. Visual recog-
nition of the pole provided distance, heading and the pole’s code number. A second
redundant system used infra-red (IR) beacons to return similar information.

Visual retro-reflective target recognition

Each pole was rigged with three rings of retro-reflective tape. A light mounted the
robot illuminated the tape. The vision system determined the locations of the rings
in the image. The distance between the top and bottom rings was used to recover the
distance to the pole. The middle ring was placed such that it uniquely identified each
pole with a code number.

IR target recognition

Each pole was fitted with a rotating IR beacon on top. A detector assembly!?
mounted on the robot reported the distance, heading, and code number when the

beacon was visible.

5.1.2 Movement using position encoders

Movement to the pole was guided by the vehicle’s position encoders. This informa-
tion was used to create an attraction to the location for the move-to-goal as well as
the transition to controlled motion.

5.1.3 Final Position with Ultrasound

The robot executed the controlled phase of motion, parking near the pole, using
ultrasonic sensors. The robot would move towards the pole (object closest to where
the pole should be) until it was within a threshold distance. It then stopped the robot
and signaled success.

19



Figure 11: Georgia Tech Robot During AAAI Competition

5.2 Behavioral Design

Figure 11 shows the Georgia Tech robot during the competition ?. Some destination
poles are visible in the image as are cardboard boxes used for obstacles. Three retro-
reflective strips and a rotating IR beacon are mounted on each pole along. The light
used to illuminate the reflective strips, the video camera, and the IR detector are
mounted on the top of the robot.

A schema assemblage was created that controlled the robot’s high level performance.
This module was responsible for searching for poles, selecting a target pole from the
list of candidates, and instantiating the mowve-to-pole behavior. The operations of the
assemblage were implemented as the finite state acceptor shown schematically in Figure
12. The perceptual coordination system is represented in the dotted circle surrounding

the mowe-to-pole operation.
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Figure 12: Schema Assemblage FSA
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Ballistic Controlled

do : visual perception n : normal

a1 : IR perception t : terminal

g > : shaft encoders r : recoverable error
a:all

g s : Ultrasonic positioning
g4 : normal termination

Figure 13: Move-to-pole FSA

5.3 Move-to-pole FSA

Figure 13 shows the FSA used in the temporal coordination of the perceptual algo-
rithms for the AAAI competition. Formally, the FSA is represented by the quadruple
({qu 41,92, 43, Q4}> 5a 90, {Q4})

where ¢4 represents normal successful termination and there is no abnormal termination
state. The transition function, 4, is specified by:

) normal terminal recoverable error
90 qo0 q1 90
q1 g2 g2 42
g2 g2 g3 90
q3 q3 q4 qs
g4 q4 q4 qs

State qo represents the visual target recognition perceptual algorithm. The robot
actively searched for a given pole by sweeping the camera, stopping when it found the
pole. This is represented in the diagram as the recoverable error path. Each transition
rotated the camera one half the field of view and took a new image. Once the pole was
located, the camera was servoed to center the pole horizontally in the field of view.
This increased directional accuracy without requiring calibrated camera optics. This
centering process is represented by the normal transition. Once the pole was accurately
located, a terminal transition was made to state q;.

22



State ¢ represents the IR beacon target location perceptual algorithm. Once the
robot was pointing towards a pole, the IR detection algorithm was activated. The robot
would then wait long enough that the rotating beacon should have been visible. If a
reading was obtained, then it was combined with the visual information determined in
state ¢g to increase accuracy. Otherwise, the unmodified visual information was used.
In either case, a transition was made to state g¢».

State go represents movement of the robot, using the shaft encoders, to the pole.
Using the knowledge of where the pole was located, the robot would move towards
that location. Motor schemas active during this process included move-to-goal, avoid-
static-obstacle, probe, avoid-past, and noise. These all combined to generate the overt
move-to-pole behavior.

While in state ¢o, shaft encoders were used to monitor the robot’s progress. The
motor-schema manager’s monitor cycle is represented by the normal transition. If the
robot did not get to the pole before a timer expired, movement was halted. The pole
would then be re-acquired to confirm its location, thereby removing spatial uncertainty
that had built up during movement. This process is represented in the recoverable error
transition back to state ¢op. When the robot arrived within a threshold distance of the
pole, ballistic motion was terminated and a transition to controlled motion took place.
This is shown in the terminal transition to state gs.

State g3 represents final positioning using ultrasonic sensors. The move-to-goal mo-
tor schema was active in this state. The robot moved towards the pole until it reached
the desired distance. This final movement is represented by the normal transition.
When it reached the desired position a terminal transition was made to state q4. If
an error occurred during this phase, such as loosing the pole, no attempt was made to
recover since the robot would be too close to the pole to discern it. Instead, a transition
was made to state ¢4 in both the success and failure case.

State g4 represents the final state, when the robot has reached the goal. Activation
of this state re-invoked the behavior assemblage.

5.4 Experimental Results

The system proved highly robust in numerous test runs and during phase 2 of the
competition. In the competition itself, it successfully found 8 of the 10 poles in less
than the allowed 20 minutes, placing second in a field of ten at the end of this day.

There are some areas remaining for future work which would enhance the system
even further. The move-to-pole FSA, as implemented, neglected to handle fatal errors.
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A more complete implementation must deal with all types of failures. Also, the IR
beacons had a very narrow beam width. This required rotating them at very slow
rates to allow the IR detector to sample the beam as it swept by. The slow rotation
required sampling many times before it could be determined that a beacon wasn’t
in the field of view. Rapid beacon detection would allow running the vision and IR
algorithms in parallel, instead of the current serialization, increasing robustness and
speed.

6. Summary and Conclusions

In order to effectively produce robust navigational behavior over a wide range of
circumstances, it is essential to provide a means of coordinating perception under
different circumstances. In this article a means for expressing perceptual sequencing in
a robotic system has been expressed, developed, and tested. Finite state acceptors are
used to represent perceptual algorithms and the temporal relationships between them.
State transitions occur in response to a variety of trigger events, including normal and
abnormal termination, time-outs, spatial constraints, and other related conditions.
This systematic means for expressing the temporal sequencing of these algorithms in
a more formal manner has utility for a wide range of robotic applications.

Mobile robot docking and the AAAI competition system were chosen as illustra-
tive examples. For docking, four different perceptual algorithms involving vision and
ultrasound have been used in the example test run, demonstrating the principles de-
scribed in this article. The competition implementation used three different perceptual
algorithms utilizing vision, IR beacons, and ultrasound.

This methodology is fully consistent with our action-oriented perception approach
to reactive navigation. Indeed it can be fully integrated with specialized sensor fusion
methods to provide a broad range of perceptual control for robotic systems.
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