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Abstract

This paper proposes an adaptive framework for single
shot motion planning, i.e., planning without preprocess-
ing. This framework can be used in any situation, and
in particular, is suitable for crowded environments in
which the robot’s free C-space has narrow corridors such
as maintainability studies in complex 3D CAD models.
Our iterative strategy adaptively selects a planner whose
strengths match the current situation, and then, on-
line, switches to a different planner when circumstances
change. This requires techniques to evaluate the char-
acteristics of the current query, and a set of planners
which are characterized so that we can match the query
with the best planner for it. Our experimental results in
complex 3D CAD environments show that our strategy
solves queries that none of the planners could solve on
their own.

1 Introduction

Automatic motion planning has application in
many areas such as robotics, virtual reality systems,
and computer-aided design. Although many differ-
ent motion planning methods have been proposed,
most are not used in practice since they are com-
putationally infeasible except for some restricted
cases, e.g., when the robot has very few degrees of
freedom (dof) [13]. Indeed, there is strong evidence
that any complete planner (one that is guaranteed
to find a solution or determine that none exists) re-
quires time exponential in the number of dof of the
robot. For this reason, attention has focussed on
randomized or probabilistic motion planning meth-
ods.

When many motion planning queries will be
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performed in the same environment, then it may
be useful to preprocess the environment with the
goal of decreasing the difficulty of the subsequent
queries. Examples are the roadmap motion plan-
ning methods [13], in which a graph encoding rep-
resentative feasible paths is built, usually in the
robot’s configuration space (the parametric space
representing all possible placements of the robot
in the workspace). Queries are processed by con-
necting the initial and goal configurations to the
roadmap, and then finding a path in the roadmap
between these two connection points. Recently, ran-
domized or probabilistic roadmap methods (PRMs)
have gained much attention for problems involving
high-dimensional C-spaces [2, 9, 10, 14]. Many dif-
ficult problems that could not be solved before have
been solved by these methods.

If the start and goal configurations are known
a priori, and only one (or a very few) queries will be
performed in a single environment, then it is gener-
ally not worthwhile to perform an expensive prepro-
cessing stage. In this case, a more directed search
of the free configuration space could lead to faster
solution times (e.g., as opposed to roadmap meth-
ods which try to cover the entire freespace). Motion
planning methods that operate in this fashion are
often called single shot methods.

One of the first randomized planning methods
is the Randomized Path Planner (RPP) of Bar-
raquand and Latombe [3], which is a single shot
planner. This potential field method uses random
walks to attempt to escape local minima. In gen-
eral, such methods can be quite effective when the
C-space is relatively uncluttered, but there exist
simple situations in which they can fail [10].

Some success has been achieved in adapting the
general PRM strategy to solve single queries by re-
stricting attention to ‘useful’ regions of C-space
[9, 14]. A related idea is to use a sample of free
points to specify promising subgoals [4, 8, 7]. Other
approaches that have been used are to limit the part
of the C-space that is explored. The planner in [11]
finds paths for six-dof manipulators using heuris-



Configuration Space

Figure 1: A graph generated during Single Shot
planning. Each edge is labeled with the planning
algorithm that made the connection.

tic search techniques. A skeleton of the C-space
is built incrementally using a local opportunistic
strategy in [5]. The Ariadne’s clew algorithm [4]
uses genetic algorithms to help search for a path in
high-dimensional C-spaces. The Rapidly-exploring
Random Tree (RRT) [12] method grows a tree from
a specified start configuration.

2 A Single Shot Planning Frame-
work

Although much progress has been made, there
are still important classes of problems for which
good single shot solutions are needed. In partic-
ular, problems in crowded, or cluttered, environ-
ments in which the robot must maneuver through
tight spots. The difficulty for such problems arises
because successful planning requires one to find free
configurations in so-called narrow passages in the
robot’s configuration space.

Our single shot motion planning architecture is
an iterative process which evaluates certain char-
acteristics of the current sub-query then selects an
appropriate local planning method from the bank
of individual single shot motion local planning algo-
rithms (the individual local planners are presented
in Section 3). The goal is to allow the best suited
local planning methods to be executed for the cur-
rent situation and to enable them to be used in a
cooperative manner. Anywhere from one to all of
the local planners in the bank may be executed for
a single query.

The general idea of the framework is the follow-
ing (see Figure 1). To find a path from the Start to
the Goal configuration, we grow a tree T's from the
Start configuration and another tree T from the
Goal configuration. In each iteration, we attempt

Repeat
<qgp, al g> : = ExtractBest (PQ;
Partial Path : = Al g(gp);
if ( gp.start in T_S
T S:=T.S + PartialPath; T :=T_S;
else TG:=T_G + PartialPath; T :=T_G

if (T_.S!=T.0
last := LastCfg(Partial Path);
for each(cfg in T)
gpl : = <l ast,cfg>;
gp2 : = <cfg,last>;
for each (alg in A goBank)
insert( <qpl,al g> score(gpl,alg), PQ;
insert( <qgp2,al g> score(qgp2,alg), PQ;
until ( TS=TG)

Figure 2: Steps executed during the iteration pro-
cess of the Single Shot planning.

to generate a path that connects Ts and T, and
therefore also the Start and Goal configurations.
In each iteration, we consider all potential query
pairs with one configuration in Ts and the other
in Tg, and all the local planners in the bank, and
select the “best” <QueryPair, Algorithm> tuple
from a priority queue, i.e., we select the query pair
that is most likely to be connected by a particu-
lar local planning method in the bank. (Initially,
two query pairs are considered: (Start,Goal) and
(Goal,Start)). Then, the selected local planner is
executed on the selected query pair and the (par-
tial) path returned is added to Ts or Tg. If the
sub-query fails to connect Ts and T¢g, then we gen-
erate query pairs of the form (last, cfg) and (cfg,
last), where last is the last configuration of the
partial path returned by the sub-query, and cfg is
a configuration in a different connected component
from last. Each such pair is evaluated, and appro-
priate <QueryPair, Algorithm> tuples are added
to the priority queue. The process continues in this
way, growing Ts and T, until they can be con-
nected or until some maximum number of iterations
is reached. A pseudocode explanation of the steps
performed in each iteration is shown in Figure 2.

2.1 Evaluation Criteria

The most important, and challenging, oper-
ation in each iteration is selecting the “best”
<QueryPair, Algorithm> tuple. This is a multi-
step process. First, we calculate characteristics of
the potential query pairs using routines in our eval-
uation bank. Second, based on the query pair and
algorithm characteristics, a score is assigned to each
<QueryPair, Algorithm> tuple. Then, we select
the “best” <QueryPair, Algorithm> tuple based
on these scores.

For a given query pair, evaluation criteria are
needed to characterize: the local properties of the
space near the start and goal configurations and the
global properties of the space between them.
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Figure 3: The approximate path P.

Each algorithm in the bank has preset planner
characteristics (strengths and weaknesses corre-
sponding to those of the configurations) used for
matching algorithms to query pairs.

Local Properties: The evaluation begins by deter-
mining general, low-level characteristics of individ-
ual configurations. For each characteristic property,
we compute a numerical value (normalized to [0, 1]).
Currently, for each configuration ¢, we consider the
following local properties:

L;: Clearance (distance to nearest obstacle),
L,: Translation (free translational space near c),
Ls: Rotation (free rotational space near c),

Ly: Free (free space near c).

Global Properties: Next, the space between the
QueryPair configurations cl and ¢2 is evaluated.
This information will help us infer the type of plan-
ning required for the query (i.e., general obstacle
avoidance, narrow corridor navigation, etc.). This
is done in part by evaluating configurations sam-
pled (at a coarse resolution) on a straight-line con-
necting cl and ¢2 (an approzimate path P, see Fig-
ure 3). Currently, the global properties (normalized
to [0, 1]) considered are:

G1: Distance between cl and c2.
G>: Proportion of free configurations in P,
G'3: Number of obstacles in collision with P.

Planner Characteristics: To facilitate the match-
ing of query pairs with planning algorithms, we
assign each algorithm values corresponding to the
query pair characteristics which describe the ideal
situation in which the planner should be used.

These values are currently assigned using experi-
ence and informed guesswork. In the near future the
values will be chosen based on simulation results.

2.2 Scoring

The score for a <QueryPair, Algorithm> tuple
is a weighted average in which we give decreasing
importance to the local properties of the start con-
figuration (S), the global properties of the query
(@), and the local properties of the goal configura-
tion (G).

First, for each component (S, @, G), we sum the
differences (in absolute value) between the com-
puted QueryPair value and the algorithm’s as-
signed value.

The score for the <QueryPair, Algorithm> tu-
ple < (s,g), A > is the weighted average:

score((5,9), 4) = (s, 4) + 35,9, 4) + 1G(g, )

Note that scores are non-negative with the best
possible score being zero (representing a perfect
match between QueryPair and Algorithm).

3 Single Shot Algorithm Bank

The algorithm bank should include a diverse set
of algorithms so that at least one of them will per-
form well in each possible situation. (Recall that we
do not require any of the algorithms to be good in
all situations, since we will use them in concert to
solve the query.) In this section we briefly describe
the algorithms available in our prototype implemen-
tation.

3.1 Simple ‘Local Planning” Methods

The first algorithms in our algorithm bank are
methods that are commonly used in PRMs as local
planners. That is, they are relatively simple, deter-
ministic methods that are fast but not very power-
ful. The particular methods currently in our bank
are: straight-line in C-space, rotate-at-s (for rigid
bodies), and simple A*-like planners. All methods
are described in detail in [1].

3.2 Directed Expansion Methods

Each planning algorithm in this section attempts
to grow a connected component of configurations
from the start to the goal. The first set of
methods (1sMm, ITM, IRM) is designed for naviga-
tion through narrow C-space corridors where large
movements are not possible. The last method, ACA
[4], has similar strengths, but does not explore the
space as methodically as the 1-M methods and so is
suitable for slightly less cluttered spaces.



ISM, ITM, and IRM. The general idea of the
iterative spread method (ISM) is to ‘spread’ away
from the start, and towards the goal when pos-
sible. The 1TM and IRM methods are similar to
ISM, except only translational or rotational move-
ments are allowed, respectively.

Ariadne’s Clew algorithm (Aca). Our bank
includes a variant of the Ariadne’s Clew algorithm
([4]), which uses random walks instead of the orig-
inally proposed Manhattan paths as its local plan-
ning method.

3.3 Random Expansion Methods

The planning algorithms in this section randomly
grow a connected component of configurations from
the start configuration, i.e., they do not consider
the goal. They will be used mainly in very crowded
situations when there is not a good match between
any of the other algorithms and the query pair.

Random Walk (RwM). This method performs
a random walk of a given number of steps from a
given start configuration. Its purpose is to enable
one to escape from “local minima.”

Rapidly-exploring Random Tree (RRT).
Our bank includes a simple version of the RRT al-
gorithm proposed in [12].

3.4 Subgoal Generation Methods

The algorithms in this section generate subgoals
for navigating around obstacles. In particular, they
are suitable candidates when at least one of the
start or the goal is in un-cluttered space and when
the space between them contains obstacles.

First Intersection Method (FiM). The idea
behind FIM is to try to go directly from the start
to the goal using the straightline planner. If an in-
tersection occurs, it samples configurations around
the obstacle in a manner similar to that used by the
OBPRM [2] planner.

Recursive Midpoint Method (RMM). RMM
effectively breaks down the initial motion planning
query into recursively smaller queries until each
sub-query results in a direct collision free connec-
tion. The basic idea is that the midpoint mpt of
the (start,goal) segment serves as a subgoal in the

query.

4 Experimental Results

In this section we examine the performance of our
prototype implementation of our single shot plan-
ner. We first consider queries in some relatively sim-
ple artificial environments whose successful solution

Figure 4: Test Environment Sandwich-Wall

requires the path to pass through different types
of regions. We next consider some difficult queries
involving complex mechanical CAD models. We
compare the single shot planner with an obstacle-
based probabilistic roadmap method (0BPRM), and
with versions of the rapidly-exploring random tree
method (RRT) and the Ariadne’s Clew Algorithm
(AcA) which we implemented as subroutines in our
algorithm bank (see Section 3).

4.1 Artificial Environments

Sandwich-Wall-Block Our first environment,
sandwich-wall, consisted of three blocks, two paral-
lel to each other, and the third perpendicular to the
other two. The robot is a smaller block that barely
fits in the corridor between the parallel blocks (see
Figure 4). The query has the start in the corridor
between the parallel blocks and the goal on the
far side of the perpendicular block. As can be seen
from the results in Table 1, the single shot method
outperforms the others tested. Moreover, it did so
by adaptively selecting different planning methods:
it first used the LP to go from the goal towards
the wall, and then used the FIM to go around the
wall. The choice of FIM seems a good one as the
OBPRM planner, of which FIM is a simple variant,
also solved the problem quickly.

Stairs-Block The stairs environment consisted
of three identical, parallel blocks, which were
slightly offset in a relatively tight bounding box.
The robot was a smaller block that barely fits in
the corridor beneath the middle block, while there
is a bit more clearance available between the top
and the middle blocks (see Figure 5). The query
has the start in the upper right corner, and the
goal in the upper left in the narrow corridor over
the middle block. The single shot method again



Artificial Environments

Env. | Method | Time (sec) | Solved Query

OBPRM 235 yes

Sandwich RRT 439 yes
Wall ACA 411 yes
SingleShot 124 yes

OBPRM 211 yes

Stairs RRT 2,349 NO
ACA 2,000 yes

SingleShot 1,258 yes

OBPRM 184 yes

Walls RRT 579 yes
ACA 262 yes

SingleShot 210 yes

Table 1: Artificial Environment Results

performs well (Table 1), second only to OBPRM. It
solved the query using FIM, LP, FIM, and the AcA
methods. Different planners were selected depend-
ing on the current start and goal: FIM was used
to move the start close to the narrow corridor be-
neath the middle block, and from there ACA was
able to solve the query.

‘Walls-Stick The walls environment consisted of
a series of six parallel walls, four of them having
small cut-outs, creating a series of narrow corri-
dors. For this environment, our query only requires
the robot (a long, thin stick) to go through one of
these narrow openings (see Figure 6). As seen in
Table 1, the single shot method is again the sec-
ond fastest to solve the query (after OBPRM). It
used the LP method in both directions, and then
the FIM method to travel through the opening. It
chose the FIM planner (related to OBPRM) to navi-
gate around/through obstacles.

4.2 Complex CAD models

An important design criteria for complex me-
chanical systems is that certain parts are easy to
service and/or replace. Motion planning algorithms
for testing such conditions automatically during the
design process would be a great aid to engineers,
and have been the subject of previous work [6].

Alpha Puzzle. We considered an alpha puzzle
environment containing two tubes twisted into an
a shape (1008 triangles per tube). One tube is the
obstacle and the other the moving object (see Fig-
ure 7). The objective is to separate the intertwined
tubes. The puzzle can be made easier by scaling the
obstacle tube in one dimension, which has the effect
of shrinking or widening the gap between the two

Figure 5: Test Environment Stairs

Figure 6: Test Environment Walls-Stick

CAD Environments

Env. |  Method | Time (sec) | Solved Query

OBPRM 8,774 yes

Alphal.5 RRT 25,555 yes
ACA 1,396 yes

SingleShot 1,396 yes

OBPRM 94,150 NO

Alphal.2 RRT 49,455 yes
ACA 83,254 NO

SingleShot 68,934 yes

RRT 17,275 NO

Flange.85 ACA 2,435 yes
SingleShot 4,837 yes

Table 2: CAD Environment Results

prongs of the a. We applied the algorithms to ver-
sions where the obstacle tube was scaled by a factor
of 1.5, and 1.2 in the z-dimension. The results are
shown in Table 2. The times shown for AcA and
the single shot method for the easier version (1.5)
are the same since the single shot selected AcA as
its first method. However, for the harder case (1.2),
ACA could not solve the query, but the single shot
did by using some additional methods, namely, ACA
twice, and then ITM and finally IRM.

The Flange. The flange environment consists
of two objects; the flange and the elbow. The flange
is a fairly flat object with a hole in the center (990
triangles). The elbow is a curved object with one
extreme wider than the rest of the object (5306 tri-
angles). The start configuration corresponds to the



Figure 7: Alpha Puzzle

Figure 8: Test Environment Flange

elbow completely inside the flange (see Figure 8),
and the goal configuration corresponds to the elbow
outside the flange. The problem is to remove the el-
bow from the flange. Note that this problem is one
with a very long and narrow corridor in C-space,
requiring a lengthy series of very small translations
and rotations of the elbow to successfully remove it
from the flange. We consider a version of the orig-
inal problem with the elbow scaled down to .85 of
its original size. The single shot method solved the
problem first using ITM, and then the ACA method.

RRT performs well for the alpha environments
where there is open space besides the narrow corri-
dor, but it did not perform well in the flange envi-
ronment where there is little open space.
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