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Chapter 7

Discussion

7.1 Contributions

The achievements of this work include a framework for solving the path planning problem for
autonomous systems, including the concept of a neighborhood, and the introduction of Differen-
tial A*.  Some preliminary work toward extending the framework toward the task level, called
‘rendezvous planning’, is also introduced as a subject for further research at the end of this chap-
ter and in Appendix C.

The modular framework for A* planning in discrete configuration spaces was described for plan-
ning motions for autonomous systems.  A variety of machines were fairly easily modeled, produc-
ing apparent intelligence through autonomous behaviour.  The neighborhood is shown to be a
powerful new concept in the framework, since it characterizes the fundamental motion of a spe-
cific machine.  The concept is the key to embodying:

-  the simple motions for a floor based industrial robot or emergency guidance system, 
- the joint coordination of a robot arm, 
- the kinematically complex coordination of the steering and drive wheels of a car, 
- the simplicity of a treaded vehicle, 
- and the relative motion of highway speed cars. 

Once the neighborhood is known, the cost of a specific motion can be assigned based on the cost
criterion selected.  By changing the neighborhood or cost criterion, a machine will behave differ-
ently.  These modular changes provide  a clear structure giving greater flexibility for defining the
overall desired behaviour of a machine.  The wide variety of machines and situations addressed
with this framework is an indication of its power.

Differential A* was introduced as a new graph method that quickly adapts existing A* plans to
changes.  The situations when Differential A* is likely to be more efficient than full recomputa-
tion with A* has been analyzed.  Although not always more efficient, it  can be useful in dynamic
environments that incorporate newly sensed changes.  The mechanism is especially powerful
when small incremental changes occur, because not only is the recomputation quick, but under
some (space filling) conditions, the mechanism may resume optimal motion while the calculation
is still underway.  This provides a quick reaction, improving the perceived intelligent behaviour.

This framework and the techniques described in this thesis can be applied in practice to control
many types of autonomous machines.  The key obstacles to commercializing autonomous appli-
cations however, are the cost of sensing apparatus and legal liability.  In some applications how-
ever, such as the intelligent emergency exits with standard sensors, or more generic (non-
machine) Differential A* graph planning problems, immediate technical improvements are possi-
ble.  The legal climate remains a business challenge in some countries, most acutely affecting
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self-driving vehicles.  Once the demand for autonomous vehicles to help otherwise non-mobile
people [16] exceeds the legal barriers, an opportunity exists.  We speculate however, various intel-
ligent features will be gradually integrated into vehicles, decreasing the minimum ability required
for save transportation.

In this chapter, we discuss some insights into the advantages and disadvantages of the methods
and applications presented in the thesis.  Some insights reflect what was learned, while others
suggest possible directions for future research.

7.2 Insights into Planning Algorithms

7.2.1 A* for Path Planning

The modular framework that uses A* to actual applications in intelligent autonomous systems has
been shown to be a powerful and useful tool to create optimal motion plans.  Part of the power
comes from the ability to simply substitute a new neighborhood or cost measure to produce an
entirely different, but optimal, behaviour of a system.  With this, a wide variety of mechanisms
have been modeled or controlled using this framework.

A useful property of the planner is that knowledge that a path does not exist is sometimes as
important as finding the path.  A mechanism using this planner can then originate a request to the
calling task planner at the earliest possible moment.  Other mechanisms may not even realize they
are trapped.  

The planner performs best when the configuration space is most cluttered.  The more obstacles
that forbid computation, the faster the plan is found.   So, problems that appear difficult are actu-
ally easier to solve.

We find that it is useful to compute the complete configuration space for situations where the
environment is likely to maintain the same goal (set), obstacles and cost measure, while the start
varies.  This is commonly the case where the computed path is used as a sequence of setpoints to
a controller, since it may fail to follow the prescribed path.  Rather than recompute upon each fail-
ing, we can compute the space once, and then have a more robust option for recovery by follow-
ing the omni-present directions.

One difficulty with the planner, is that it assumes that all forbidden regions are known in advance.
This may not be the case, and the plan must be recomputed whenever they are ‘discovered’.

7.2.2 Differential A*

The Differential A* algorithm can provide a quick way to update the graphs.  This is useful if
small changes occur, which is seen most poignantly with a dynamically sensed obstacle.  The
shape of the obstacle can be ‘learned’ at run-time with minimal affect on overall performance.
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While this is a generally positive attribute, a system should check periodically that assumed obsta-
cles still remain.

Differential A* is more efficient than A* for the example problems where obstacles affect less
than 55% of the configuration space nodes.  In the 2-D robot arm example, this could only happen
when there was more than one obstacle since a single node cannot cover more than 50% of the
space at a time.  The number of nodes affected is a function of their size and inversely distance (in
terms of the cost measure) from the goal, and must be determined for each environment.  If there
are multiple goals distributed evenly throughout the space, it is likely that the number of affected
nodes is small, and that Differential A* will work well.  

Differential A* can manage changes, but while the adaptation is fast, it still relies on external
sensing systems.  Therefore, the response time is larger than the longer of the sensing cycle time
and planning time.  Sensor technology continues to improve in speed and accuracy, but is still far
from being a commodity.

7.3 Insights into Planning for Autonomous Systems

7.3.1 Robot Application

The two dimensional robot application is a good carrier problem to identify and illustrate the
breadth of A* and Differential A* applications possible.  Our implementation provides the ability
to see the immediate results of the different optimality criteria, both in the configuration space and
verification in task space.  It provides a mechanism to examine and change the environment by
adding goals and obstacles in a simple way.  The new environments sometimes produce very sur-
prising (but correct) paths, each time giving greater insight into the effect of modules in the funda-
mental method.  Without the user interface to observe the changes in configuration space, it
would be difficult to have identified the opportunity for Differential A*. 

The size of some graphs, caused by large numbers of degrees of freedom in robotics, affect the
likely time performance of the algorithm.  One of the practical concerns for the method, is the
time and space required for computation.  Particularly for robotics, the number of states grows
according to 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.   Fortunately, the plan-
ner can perform best when the configuration space is most cluttered.  The more obstacles forbid
computation, the faster the plan is found.  Because the graphs can grow rapidly with finely dis-
cretized configuration spaces, at current processing speeds, large problems are intractable with
the current method(s).  With equal ease, computations to minimize time, distance, effort or time
can be accommodated.  Each change produces a change in optimal behaviour, which sometimes
appeared surprising at first. 

The Differential A* method can be applied to manage arbitrary obstacle shapes  and their affect
regardless of their original cost measures or the dimension of the configuration space.
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Finally, the robot could be controlled [29] in practice by providing the components for the plan-
ning framework.  By incorporating the environment and optimization criteria a path was gener-
ated.  This discretized path was then communicated to the reflex controller to servo to the given
setpoints.

7.3.2 Vehicle Application

The vehicle maneuvering application provided a challenge to the framework, since the neighbor-
hood and configuration space are three dimensional.  Because the data is not easy to view, as in
the robot example, it required careful attention to the specification of each framework component.  

Because the neighborhood is the encapsulation of the basic vehicle motions, it can be calculated
by geometry.   The obstacle transformation is also straightforward geometry, when viewed one
angle slice at a time rather than as a set of interconnecting helices.  

We were able to generate a solution in a three dimensional configuration space without the benefit
of any (obviously desirable) graphical insight, because the framework was succinct.  The three
dimensional neighborhood and obstacle transform could be clearly incorporated into the frame-
work to produce remarkably complicated maneuvers with relative ease.

The proof that plans can be created and carried out in the vehicle maneuvering testbed for a mech-
anism as complicated as a car, shows the power of the overall method.  Just as the task space must
be converted to configuration space for optimal path planning, the results of the plan must be
transformed to the primitives for controlling the car.  It is not always as simple as a feedback loop
using the configuration states directly. 

Maneuvers such as parallel parking, reversal in a constrained location, and simple forward-only
motion can be realized with the same framework.  The parallel parking and reversal are achieved
by changing the starting point.  By computing the space once, these and other interesting maneu-
vers can be seen.  The forward-only motion is achieved by a change in the neighborhood.  This
simple change produces a radical behaviour change in the vehicle, and severely limits the maneu-
vers possible.

Differential A* was not implemented for the vehicle maneuvering example because almost all
nodes would be affected at each calculation.  The two parked cars (obstacles) are on opposite
sides of the goal, in addition to the curb which covers a third side.  Any change would affect the
majority of the space, therefore Differential A* was not implemented for this problem.

In the implementation, the simple arrangement of the configuration space data structure (i.e. the
ordering of the indices) can cause a change in transformation time by several orders of magnitude.
This is because the order in which the transform is calculated results in a ‘plane by plane’ access.
Therefore, these indices change most rapidly.  By placing them in locations where they are nearer
each other (i.e. [angle][x][y] rather than [x][y][angle]), can cause smaller jumps, which in the Sun
3/160 is significantly more efficient.
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Finally, we challenge the concern that the vehicle maneuver 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 kinematic response of a car is much simpler at highways speeds. Spe-
cifically the car can move sideways relative to other cars.  This simplification allows the use of
small configuration spaces and neighborhoods that are fast to compute.   

7.4 Directions for Research

There are four immediate areas brought up in this thesis that require further research.  Specifically
they are in obstacle transformation, discretization, and statistical uncertainty.  The framework for
the planner has been shown to be useful as it incorporates some planning attributes of the control
level.  Extending the framework toward the task planning level has been begun with a method for
rendezvous planning, but has not been rigorously analyzed or broadly applied.
 
• In the robotic domain, a general transformation for obstacles from the task space to the

configuration space is an unsolved problem.  For example, even in a three dimensional space,
there is no generally applicable algorithm to transform arbitrarily shaped obstacles for an
arbitrarily shaped  and jointed robot.  Therefore the problems that are chosen, are usually
carefully defined with narrowly defined robot or obstacle shapes.   One possibility for
machines with local obstacle detection systems (i.e. robot skin designed by Cheung and
Lumelsky [8]) is for the robot to progress systematically through all configurations, testing for
self intersection and external obstacle collisions.  This gives a baseline for a the robot in its
normal environment.  Other obstacles can then be modifications of the baseline and can be
incorporated into a given plan using Differential A*.  Unfortunately ‘robot skin’ is not yet a
commodity, but is currently a research topic in labs.  Still, other mechanisms to ‘exercise’ the
machine configurations are also possible, for instance in CAD simulations.

• It would be desirable to have a systematic way to characterize and balance the time, space,
functionality and aesthetics of discretization, particularly as it is impacted by obstacles.  This
is currently an art, guided by empirical feedback.  That is, the resolution is adapted until the
computation provides ‘acceptable’ levels of solution.  This is determined more by basic
functionality and aesthetics than by analytic insight.  For example, coarse discretization may
provide a solution, but the robot does not seem to move near enough to an obstacle to seem
plausible as an ‘optimal solution’.

• Again in the robotic domain, but also applicable to others is a challenge to incorporate
statistical uncertainty in the assumptions of the graph or configuration space.  For example, if
the robot is to travel through a given building, but there is one door that is locked 10% of the
time, and open the rest of the time.  Is it preferable to refuse a path that might lead through this
door?  How can this risk be incorporated into the plan?  What additional parameters must be
provided to define the acceptable level of risk?

• Finally, the planner can be extended to address some questions that ordinarily exist at the task
planning level.  Some introductory work is provided in Appendix C specifically in an area we
call rendezvous planning (initially described in [53,54]).  This is a method to describe and
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algebraically manipulate the results of several planned paths.  The  objective is to combine
various constraints, defined as a boolean expression, on the problem that cannot be ordinarily
represented in a single planned result.  A simplified example with two truck ‘agents’ shows
the mutually acceptable locations when one agent is minimizing fuel and the other is
minimizing time.  The trucks begin at different locations and have some subset of locations
that fit within ranges defined by each.  Naturally, the coordination of activities can be
computed for multiple agents with many more constraints (e.g. the first truck must minimize
fuel AND arrive before the other truck).  The brief introduction in Appendix C gives a flavor
of the research direction.




