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Summary

This thesis presents a powerful, modular framework that uses the A* algorithm to plan motions
for an autonomous system.  We also introduce Differential A*, a new and complementary method
that can be used in the framework for quickly addressing changes in the environment.

The same framework plans motions for mobile robots, emergency exits, robot arms, cars, bulldoz-
ers, and highway vehicles.  Higher dimensional spaces are accommodated by the consistency of
the method.  Changing the neighborhood is the key to changing the behaviour and personality of a
machine.  Definitions of optimality can change the behaviour of a machine as well.  Each of these
can be easily incorporated into a module, and the solution computed quickly.

Adapting to changes in the machine’s environment can be accomplished quickly by the use of
Differential A*.  Because the machine can adapt, it can operate in less structured environments
and learn its surroundings.  An analysis is also provided which indicates the environments when
Differential A* or A* should be used to provide the fastest recalculation time.   When sensing sys-
tems are fast and accurate, the machines may be able to respond faster and more precisely than
even humans, the sensing and planning champions.

Finally, we identify an area for future research called rendezvous planning that extends the plan-
ning framework to the task planning level.  The goal of rendezvous planning is to determine the
options for coordinating the actions of multiple machines (called actors) while taking their respec-
tive constraints and optimization criteria into consideration.

Chapter 1 gives an introduction to the problem domain of optimal path planning as part of an
autonomous system.  It also describes some related work and provides an overview of the rest of
the thesis.

In Chapter 2, the A* algorithm is reviewed, which efficiently computes the globally optimal path
planning solution.  In the A* algorithm, the search is guided by admissible heuristics which direct
the search in the most likely direction of the solution, and reduce the amount of searching
required.  The notion of an uninitialized node and the specific use of a sifted heap structure for
OPEN node management is introduced to improve the performance of the A* implementation.
The worst case time of A* is O(N log N); a more detailed time and error analysis is given showing
the dependence on the number of OPEN nodes.

In Chapter 3, the A* method is applied to path planning within autonomous systems.  In autono-
mous systems, a higher level task planner defines the overall goal for the planned motion, and
reflex and servo level controllers carry out the planned motion safely.  The objective is to deter-
mine the optimal, collision free path to the nearest goal.  The information required for the planner
includes a description of the set of possible configurations (poses) for the robot.  This forms the
configuration space.   The neighborhood of possible motions permitted from each node to other
(usually local) nodes is also required.  Based on this neighborhood, a cost can be associated with
each neighborhood transition that reflects the criterion (least time, distance, etc.).  Next, the for-
bidden regions, typically obstacles, are set as prohibited states in the configuration space.  These
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states can be assigned infinite cost to prohibit a search from considering these states as viable can-
didates for any optimal path.  The goal state is assigned by the task planner, and the start is pro-
vided by the current state of the system.  From this state, the sequence of transitions are generated
until the goal is reached.  The sequence forms setpoints for the (reflex) control system.

Only optimal paths are generated and the search is guided by admissible heuristics.  In the exam-
ples in chapter 3, each application can use the underlying optimality criterion as the optimistic
estimate (i.e. admissible heuristic) to guide the search. 

A two degree of freedom robot arm is controlled by the method.  The configuration space contains
the set of permissible arm locations determined by the joint angles.   This robot is unusual in that
it has two joints that are both fully revolute.  The configuration space provides configurations that
wrap around the range from 0 to 2π for both the shoulder and elbow.  The basic control of the
robot is encapsulated in the neighborhood of motions, which have assigned costs for each motion.
The cost for making a motion in the neighborhood is defined by the optimality criterion and an
admissible heuristic (which can be zero).  Several criteria are illustrated, including minimum
communication, minimum distance of the end-effector and minimum time.  The two link robot
application uses these different cost criteria and heuristics to test the time bounds formula.  With
this, we validate the formula and identify constants for the individual applications.  Finally, we
observe that the planner works fastest when the configuration space is most cluttered and filled
with obstacle states.  The more obstacles forbid a computation, the faster a path is found.  

The way in which the configuration space (graph) is represented greatly affects the speed and
accuracy of the computation.  While intuitively we might believe that more fine discretization will
provide a more accurate solution, this is actually not the case.  The effect of a finer discretization
is that obstacles can be represented more accurately, since a state is an obstacle if any part of the
robot would cause a collision.   The representation of the neighborhood also plays an important
role.  Increasing the variety of neighbors (rather than strictly the number of neighbors) in a neigh-
borhood can dramatically increase the quality of the resulting plan. For example, doubling the
unique neighbors (from 8 to 16) for the two-link robot neighborhood gives a 285% gain in accu-
racy.  This is a true gain that requires much less computation overhead than an attempt to double
the discretization.

One of the practical concerns for the method however, is the time and space required for computa-
tion.  Particularly for robotics, the number of states grows exponentially with the number of
dimensions  (i.e. degrees of freedom (dof)) of configuration space.  For large (6-8 dof) problems
careful choices about discretization and possible decoupling of a large problem are some options
to provide solutions on today’s computers. 

Finally, the method for defining the time bound (proposed in chapter 2) is applied to the robotic
examples of chapter 3.  We see that the overhead time is relatively low for cost measures that use
look-up tables and a zero heuristic, but are significantly higher for computed heuristics.  This
higher time may actually cause the user to prefer non-heuristically computed solutions for small
problems.
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In Chapter 4, paths are planned and carried out for a kinematically more complicated autono-
mous system, a car.  The neighborhood encapsulates the possible local maneuvers for the car.
This is derived from the position of the driving and steering wheels.  The optimal path is defined
as the minimum driving distance with the possibility for moving in forward or reverse directions.
By fairly straightforward geometry, the obstacles can be transformed for each angle pose of the
car.  The layering of each possible car angle provides the full obstacle transformation.  The con-
figuration is specified through the user interface, and with a zero heuristic, the maneuver from all
starting states is computed.  With this, quite complex maneuvers can be computed and carried out.
For example, the car can be placed in the parking spot reversed, pull itself out, and reverse itself.
As an alternative cost measure, forward-only motion can be used to plan maneuvers so that the car
can behave like any other in traffic.  The time for the computation is measured using the same
mechanism specified in Chapter 2.

To test the planned paths, the method is applied to a stock, 1/10 scale radio control car.   The vehi-
cle is contained in a plexi-glass walled, rectangular testbed with two other vehicles used as obsta-
cles.  The dimensions of the testbed define the limits of the possible locations of the vehicle, and
therefore the size of the configuration space.  The computed configuration space provides all pos-
sible optimal paths to the goal.  It is loaded to common memory where it is available for the con-
trol system.  A vision system is integrated with the control system to carry out the paths.  Several
conversions are required by the controller to achieve smooth reliable maneuvers.   These smooth
the discretization error by determining longer setpoints where possible, by recomputing the con-
trolled arc to match the world coordinates rather than the discretized (and ideal) planned coordi-
nates, and by defining stopping criterion that allows for some discretization, control or
mechanical error. 

Other vehicles and environments are also presented in chapter 4.   A simulation of a much larger
driving environment was created to show that the solution scales properly.  In this environment,
many more complex maneuvers can be illustrated.  To change the behaviour of the car to a treaded
(bulldozer) vehicle, the neighborhood and basic costs are all that must be changed.   The bulldozer
has a simpler kinematic model than the car, since it can rotate about its axis.  Finally, we challenge
the concern that the planning would be prohibitively slow for any highway applications.  By
viewing the vehicle motion in a relative rather than absolute fashion, we observe that the kine-
matic response of a car is much simpler at highways speeds. Specifically the car can move side-
ways relative to other cars and is always parallel to the other cars.  This simplification allows the
use of small configuration spaces and neighborhoods that are fast to compute.   With fast sensing
equipment, it may be easier to control a car on the highway than to park it.

In Chapter 5, Differential A* is introduced as a general, fast method for updating solution spaces
generated by A* when changes to the underlying connections occur. The added, removed,
increased or decreased transitions or nodes are identified, and are input into the difference engine.
This recomputes nodes and clears dependent nodes to define the OPEN nodes required to regener-
ate the changed portions of the graph.  The changes often affect only a small fraction of the entire
solution graph that is ordinarily calculated with A*.  Each type of change and the required actions
are defined.  Some cases are identified where changes require little or no computation. These are
where the obvious time savings occur over full recomputation with A*.  
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The Differential A* algorithm is analyzed for each of the major operations: recomputation, clear-
ing influence and adding a node to the candidates, highlighting the primary overhead of Differen-
tial A* as the χ function.  The extent to which applications are likely to need this clearing function
provides a way to identify when it pays to use Differential A* rather than completely recompute
with A*.

Many of the characteristics of A* are also inherited by Differential A*, namely: computation of
optimal cost transitions and topology, ability to handle multiple dimensions, and timing that is
also a function of the total number of expanded (OPEN) nodes. The primary advantage of Differ-
ential A* is rapid adaptation in environments that have changes affecting only part of the solution-
space. 

In Chapter 6, a trade-off between Differential A* and A* is investigated. The Differential A*
algorithm is applied to path planning in robotics when unexpected changes occur.  With this new
process, the robot 1) continues movement because the previous solution is usually not affected, 2)
encounters obstacles on the fly and incorporates this knowledge, and 3) makes the best possible
maneuver based on all knowledge possessed.  This makes the system ‘learn’ and make the best
decisions based on the current model of the world.

The timing of the method is tested in a zero heuristic situation.  In this case the portion of time
spent on the three fundamental operations is compared to the time required to fully recompute.
The situation indicates that when less than 55% of the nodes are cleared, Differential A* will be
more efficient than A*.

Differential A* is applicable for situations that currently use conventional A*, and can often con-
siderably increase the speed of the solution.  Good candidate problems are those with transition
cost changes and unchanging goal.

Chapter 7 discusses the insights gained from this work, and a gives suggestions for future
research directions.  This section refers to Appendix C where an introduction to a new method for
rendezvous planning is given.




