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Abstract— Asymptotically optimal motion planning algorithms guarantee solutions that approach optimal as more
iterations are performed. Nevertheless, roadmaps with this
property can grow too large and unwieldy for fast online query
resolution. In graph theory there are many algorithms that
produce subgraphs, known as spanners, which have guarantees
about path quality. Applying such an algorithm to a dense,
asymptotically optimal roadmap produces a sparse, asymptotically near optimal roadmap. Experiments performed on typical,
geometric problems in SE(3) show that a large reduction in
roadmap edges can be achieved with a small increase in path
length. Online queries are answered much more quickly with
similar results in terms of path quality. This also motivates
future work that applies the technique incrementally so edges
that won’t increase path quality will never be added to the
roadmap and won’t be checked for collisions.

I. I NTRODUCTION
Roadmap planners [1] utilize an off-line phase to build up
knowledge about the configuration space (C-space) before
queries can be answered and solve many practical planning problems in complex C-spaces. Path quality can be
measured in terms of length, clearance, or smoothness [2].
Traditionally, many techniques focus on feasibility and may
return paths of low quality; considerably different from the
optimum ones. Smoothing can be used to improve some
measures of path quality and algorithms exist that produce
roadmaps with paths that are deformable to optimal ones
[3], [4]. Hybridization graphs [5] combine multiple solutions
into a higher quality one that uses the best portions of each
input path. These techniques, however, can be expensive for
the online resolution of a query, especially when multiple
queries must be answered.
Alternatively, we can construct larger, denser roadmaps
that better sample C by investing more preprocessing time.
The k-nearest PRM∗ algorithm [6] minimizes the number of
neighbors each new sample has to be connected to while
guaranteeing increasing quality paths as more samples are
added to the roadmap, a property known as asymptotic
optimality. While asymptotically optimal roadmaps are desirable for their high path quality, their large size can be
problematic. Large roadmaps impose significant costs during
storage, transmission and online query resolution and may
not be feasible for some applications.
In Section III of this paper, an algorithm is described that
reduces the number of edges in a roadmap while providing
guarantees about path quality. In Fig. 1, this is demonstrated
by removing 80.7% of the edges. The maximum increase
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(a) Roadmap with 2346 edges

(b) Spanner with 470 edges

Fig. 1. A roadmap with 150 milestones that contains 2406 edges (a). The
17–spanner (k = 9) constructed from this roadmap (b), contains only 465
edges but preserves homotopy and adds only 7.3% to the mean path length
over all shortest paths.

in path cost is guaranteed to be less than 1700%, but the
mean increase in path cost (measured here as the average
length of all shortest paths), in this instance, is only 7.3%.
The spanner retains most of the beneficial properties of the
original roadmap with one fifth the number of edges.
Such an operation can assist in any application where
small, high quality roadmaps are preferable to large ones.
• Embedded computers used in robots are often resource
constrained. Large, dense optimal roadmaps can be generated on a less constrained device offline. Then they can
be trimmed while maintaining near optimal properties,
transmitted quickly to a robot and more quickly queried
than the full roadmap. This idea has applications in the
emerging field of cloud robotics [7].
• Path planning for interactive games is given a small
computational budget yet must produce believable results quickly. During development, however, an almost
unlimited amount of time is available to produce an
asymptotically near optimal graph of a size that can be
quickly loaded and queried online during game play.
• Tree-based kinodynamic planners can use an approximate
roadmap to estimate distances between states and the
goal region that take into account C-space obstacles. Such
distance estimates can be used as a heuristic in tree
expansion to bias the selection of states closer to the goal
and solve problems with dynamics faster [8], [9].
• Edges of the roadmap can be dynamically invalidated
given the position of obstacles in real-time [10], [11]. It
must be possible to compute new paths on the fly from
every location. Having a small roadmap is advantageous
in this application.
The above tasks require a roadmap with the following
properties:
• covers the C-space (coverage property)

• is connected if the C-space is connected (connectivity
property)
• provides good approximations to optimal paths with a
minimal need for smoothing (high path quality property)
• has small size and is sparse, so as to reduce storage and
transmission requirements and the computational cost of
online query resolution (efficient query resolution property).
Asymptotically near optimal roadmaps maintain coverage,
connectivity, and high path quality from the original roadmap
with the additional benefits of efficient query resolution
attained by removing edges that contribute little to path
quality.
A. Related Work
There has been a plethora of techniques on how to sample
and connect configurations so as to achieve computational
efficiency in roadmap construction via a sampling-based
process [12], [13], [14], [15], [16], [17], [18].
Tree-based algorithms [19], [20] focus on single query
planning, but they do not provide the preprocessing properties of roadmaps. A tree is already a sparse graph and it
becomes disconnected when removing edges. For this reason,
the proposed technique can only be applied to planning algorithms that produce a dense roadmap. It has been shown that
Bi-RRT produces arbitrarily bad paths with high probability
and will miss high quality paths even if they are easy to find
[21]. Anytime RRT [22] has been proposed as an approach
to incrementally improve path quality.
Certain algorithms, such as the Visibility-based Roadmaps
(Visib-PRM) [15], the Incremental Map Generation (IMG)
algorithm [17] and the Reachability Roadmap Method (RRM)
focus on returning a connected roadmap the covers the
entire configuration space [23]. A reachability analysis of
roadmap techniques suggested that connecting roadmaps is
more difficult than covering C-space [24].
A method is available to characterize the contribution of a
sample to the exploration of the C-space [25], but it does not
address how the connectivity between samples contributes to
the resulting path quality once the space has been explored.
Work on creating roadmaps that contain good quality paths
has been motivated by the objective to efficiently resolve
queries without the need for a post-processing optimization
step of the returned path. One technique aims to compute all
different homotopic solutions [4], while Path Deformation
Roadmaps compute paths that are deformable to optimal
ones [3]. Another approach inspired by Dijkstra’s algorithms
extracts optimal paths from roadmaps for specific queries
[26] but may require very dense roadmaps. The idea of
Useful Cycles has been used to create roadmaps with small
number of edges that approximate optimal paths [27]. The
Useful Cycles idea has been combined with the RRM to
construct connected roadmaps that cover 2D and 3D C-spaces
and provide good quality paths [28].
The RRG, RRT∗ , and PRM∗ family of algorithms [6] provide asymptotic optimality for general configuration spaces.
RRG and RRT∗ are based on RRT, a tree-based planner. The

TABLE I
S PANNER ALGORITHMS AND THEIR PROPERTIES
algorithm

stretch

edges

Althöfer et al. [35]
Cohen [32]
Awerbuch et al. [33]
Roditty et al. [36]
Thorup et al. [34]
Baswana et al. [37]

2k − 1
2k + ǫ
64k
2k − 1
2k − 1
2k − 1

O(n1+ k )
1
O(kn1+ k )
1
O(kn1+ k )
1
O(n1+ k )
1
O(kn1+ k )
1
O(kn1+ k )

time
1

1

O(mn1+ k )
1
O(mn k )
1
O(mn k )
1
O(kn2+ k )
1
O(kmn k )
O(km)

Anytime RRT∗ approach [29] extends RRT∗ with anytime
planning in dynamic environments [10] and can incrementally improve path quality. PRM∗ is a modification of standard
PRM. The proposed technique uses a variation of PRM∗ , knearest PRM∗ in the offline, roadmap building step.
The structural properties of a roadmap can be used to filter
vertices that do not improve path quality [30]. This method
is similar to that described in this paper, but provides no
guarantees on the resulting path quality.
B. Contribution
The contribution of this work is a method for removing
edges from a roadmap with path quality guarantees while
retaining near optimal path quality utilizing ideas regarding
the generation of spanner graphs [31]. Online query resolution time is shortened while simultaneously reducing the
space required for storing and transmitting the roadmap.
The theoretical guarantees on path quality that this technique provides are tested empirically in a variety of motion
planning problems in SE(3). In all of these environments,
most of the edges (77% to 85%) can be removed while
increasing mean path length by only a small amount (10%
to 25%). In some environments, this increase can be reduced
(down to 2%) by utilizing path smoothing. This path degradation is most pronounced for paths that are very short. Longer,
paths are less affected. Finally, a simple heuristic is described
that can increase the performance of the spanner algorithm
by a small amount.
II. G RAPH -T HEORETIC F OUNDATIONS
A graph spanner is a sparse subgraph. Given a weighted
graph G = (V, E), a subgraph GS = (V, ES ⊂ E) is
a t-spanner if for all pairs of vertices (v1 , v2 ) ∈ V , the
shortest path between them in GS is no longer than t times
the shortest path between them in G. Because t specifies
the amount of additional length allowed, it is known as the
stretch factor of the spanner.
Graph spanners, as formalized in [31], arose as the underlying data-structures of other, domain specific, algorithms.
For example, algorithms computing approximate all-pairs
shortest paths [32], [33], [34] are based, implicitly on the
concept of spanners.
A number of spanner algorithms are available in the
literature. Here, only algorithms without any restrictions
on the type of graph they are applied to are considered.
For example, many spanner algorithms operate on complete

Euclidean graphs [38]. These would preclude roadmaps that
operate in C-spaces with obstacles because obstacles remove
some edges from the complete graph.
Small spanners (those with fewer edges) are desirable, but
computing the smallest t-spanner for a given graph is NPhard [31]. Even approximating such a spanner with one of
size O(2(1−µ) ln n ) for µ > 0 and t > 2 is NP-hard [39].
Because of this, existing algorithms seek to compute (2k−1)1
spanners of size O(n1+1 k ) (where k is a parameter related
to the stretch).
Of the algorithms that provide spanners of this size and
can be applied to general, weighted graphs, the performance
characteristics vary (Table I). Of these, only one provides op1
timal stretch (2k − 1) along with reasonable size (O(kn1+ k )
and linear time complexity (O(km)), where n is the number
of vertices and m is the number of edges. The randomized
(2k − 1)-spanner algorithm [37] combines these properties
with ease of implementation to make it a good match for the
proposed technique.

Algorithm 1 k-nearest PRM∗
1: (V, E) ← (∅, ∅)
2: while !S TOPPING C RITERIA () do
3:
v ← S AMPLE F REE()
4:
V ← V ∪ {v}
5:
k ← ⌈e(1 + d1 ) log(kV k)⌉
6:
U ← N EAR(V, E, v,K)
7:
for all u ∈ U do
8:
if C OLLISION F REE(v, u) then
9:
E ← E ∪ {(v, u)}

III. A PPROACH
The approach can be broken down into two parts. First, a
dense, asymptotically optimal roadmap is constructed using
k-nearest PRM∗ . The result is passed through the randomized
(2k − 1)-spanner algorithm to make the roadmap sparse by
removing edges that don’t contribute much to path quality.
A spanner algorithm could be applied to a roadmap
produced by any variant of PRM. However, without the path
quality guarantees provided by an asymptotically optimal
planner, there would be no guarantees on the path quality
of the sparse roadmap.
∗

A. k-nearest PRM

A robot can be abstracted as a point in a d-dimensional
C-space where collision with an obstacle is determined by
testing if a particular configuration is part of Cf ree . This
is illustrated in Fig. 2, where the grey object represents an
obstacle projected into C. If a local planner is available that
can connect two points in the C-space, if possible, then PRM
can be applied to the problem.
The standard PRM attempts to connect sampled configurations to either a fixed number, k, of nearest neighbors or all
configurations within a fixed radius ball centered at the new
configuration. Although construction can be stopped after a
fixed amount of time or when the increase in path quality
slows, it has been shown that a PRM using a fixed k does
not converge to the optimal path [6].
The k-nearest PRM∗ algorithm (Algorithm 1) rectifies
this by making k a logarithmic function of the size of
the roadmap (line 1). It has been proven that roadmaps
constructed with this variation will almost surely converge
to optimum solutions [6].
B. Randomized (2k − 1) Spanner Algorithm
The inputs to the randomized (2k − 1)-spanner (Algorithm 2) are the sets of vertices and weighted edges of the
roadmap, V and E; and the spanner parameter, k. The output

Fig. 2. The k-nearest PRM algorithm samples a random configuration
(red) then attempts to connect it to the k-nearest vertices, where k is some
constant. The k-nearest PRM∗ algorithm is a variation where k is a function
of the number of vertices already added. Specifically, k(n) = kP RM log n,
where kP RM > (1 + 1/d) and d is the dimensionality of the problem.

is ES , the edges of the spanner. There are two parts to the
algorithm. First, clusters are formed. Second, the clusters are
joined to each other.
A cluster c is a set of vertices. A clustering Ki is the set of
clusters at iteration i. Vertices only belong to one cluster in
any clustering. Before the first iteration, each vertex is made
into its own, singleton cluster to form the initial clustering,
K0 . With each successive iteration, the following steps are
taken:
1) A subset of the previous iteration’s clusters are sampled randomly (Fig. 3(b)).
2) The vertices in the remaining, unsampled clusters are
then split up and added to their neighboring clusters
(Fig. 3(c)).
3) Vertices with no adjacent clusters in the current clustering are connected to all adjacent clusters from the
previous clustering (Fig. 3(d)).
This is repeated until ⌊ k2 ⌋ iterations have been performed.
In the second part of the algorithm, the clusters are joined
by the shortest edge that connects them to their neighbors
(Fig. 3(e)).
An auxiliary function will be useful in the definition of
the (2k − 1)-spanner algorithm. The function E(v, c) returns
all edges in the set E from the vertex v to vertices in cluster
c. Similarly, E(c, c′ ) returns all edges in E connecting any
vertex in c to any in c′ .

(a) Initial roadmap

Fig. 3.
k = 2.

(b) Sample clusters

(c) Closest cluster

(d) No adjacent cluster

(e) Cluster joining

(f) Final spanner

Illustration of the randomized (2k − 1)-spanner algorithm for

Algorithm 2 R ANDOMIZED S PANNER(V, E, k)
1: ES ← 
∅
2: K0 ← {v}|v ∈ V
3: for i ∈ {1, . . . , ⌊ k
2 ⌋} do
4:
Ki ← ∅
5:
for c ∈ Ki−1 do
1
6:
if U NIFORM R ANDOM(0, 1) < kV k− k then
7:
Ki ← Ki ∪ {c}
8:
Vi ← Vi ∪ c
9:
for v ∈ V − Vi do
10:
nv ← nearest cluster in Ki to v
11:
A DD S PANNER E DGES(V, E, Ki , n)
12:
for e ∈ E do
13:
(v, u) ← e
14:
if v and u are in the same cluster of Ki then
15:
E ← E − {e}
16: C LUSTER J OINING (K, E, k, ES )
17: return ES

The clustering K0 is initialized (line 2) so that each vertex
becomes it’s own cluster. Lines 2–2 randomly sample the
1
last iteration’s clusters with probability n− k (Fig. 3(b)).
A probability smaller than 1 has the important effect of
reducing the number of clusters at each iteration. As a
notational convenience, Vi represents the vertices that belong
to sampled clusters at iteration i (line 2).
Sampled clusters are expanded in lines 2–2. Here, the
closest, neighboring, sampled cluster, nv , is found for each
vertex that is not a member of a sampled cluster. Algorithm 3
adds edges to the spanner that connect the new vertices to
their clusters.
Algorithm 3 A DD S PANNER E DGES(V, E, Ki , n)
1: for v ∈ V − Vi do
2:
if v has edges incident on Vi then
3:
ev ← S HORTEST E(v, nv )
4:
ES ← ES ∪ {ev }
5:
E ← E − E(v, nv )
6:
for c′ ∈ Ki−1 do
7:
ec ← S HORTESTE(v, c′ )
8:
if W EIGHT(ec ) <W EIGHT(ev ) then
9:
ES ← ES ∪ {ec }
10:
E ← E − E(v, c′ )
11:
nv ← nv ∪ {v}
12:
else
13:
for c ∈ Ki−1 do

14:
ES ← ES ∪ S HORTEST E(v, c)
15:
E ← E − E(v, c)
For those vertices that are adjacent to sampled clusters,
lines 3–3 add the shortest edge to the nearest sampled cluster
and discards the others. To maintain the spanner property,
edges to other, unsampled clusters, that are shorter than this
must also be retained (lines 3–3).
If a cluster has no neighboring sampled clusters it is
connected to each of the previous iteration’s clusters by the
shortest edge (Fig. 3(d)). Because this introduces extra edges,
it is desirable to minimize the number of clusters that have
no neighbors. Algorithm 5 (described later) introduces an
alternative sampling method that attempts to do this.
At the conclusion of each iteration (lines 2–2, in Algorithm 2), intra-cluster edges are removed from E.
Algorithm 4 C LUSTER J OINING (K, E, k, ES )
1: if k is odd then
2:
a ← ⌊ k2 ⌋
3: else
4:
a ← ⌊ k2 ⌋ − 1
5: for c ∈ K⌊ k ⌋ do
2
6:
for c′ ∈ Ka do

7:
ES ← ES ∪ S HORTEST E(c, c′ )
After all ⌊ k2 ⌋ iterations have completed, K⌊ k ⌋ contains the
2
final clusters, each of which is a tree rooted at the cluster
center. E now contains only inter-cluster edges, and the task

Algorithm 5 Heuristic cluster sampling

1.25
1.20
1.15
1.10

k=9 (18% edges)

k=5 (27% edges)
k=4 (42% edges)

1.05

The random sampling of clusters can result in uneven
distribution of clusters at the local level where two or more
clusters are very close together, wasting their individual
potentials, and some vertices are not adjacent to any clusters
forcing more of their edges to be added to the spanner.

k=3 (52% edges)
k=2 (94% edges)

1.00

C. Heuristic

path degradation

is to decide which of these must be added to the spanner.
In Algorithm 4, only the shortest edge to each neighboring
cluster is added. To maintain the spanner property, clusters
from the previous iteration must also be considered when k
is even (line 4).

1

while kKi k < kV k k do
c ← arg maxc∈Ki−1 U NSAMPLED D EGREE(c)
Ki ← Ki ∪ {c}
Vi ← Vi ∪ c
To minimize the number of clusters not adjacent to sampled clusters, a heuristic sampling method was implemented
(Algorithm 5). This can be substituted for lines 2–2 in
Algorithm 2. Instead of randomly sampling clusters, they
are chosen deterministically by selecting the cluster that
maximizes the number of adjacent vertices that are not
already next to a sampled cluster. This is done until the
number of clusters reaches the expected amount given the
1
randomized method (n− k ).
IV. E VALUATION
All experiments were run using the Open Motion Planning
Library (OMPL) [40] on a 3GHz Intel Core 2 Duo processor
with 4GB of memory. Three representative environments
were chosen from those distributed with OMPL.
easy: Two large areas in the free space are connected by
a narrow passage (Fig. 4(a)). The movable object is small
enough that it doesn’t have to twist to get through the hole.
cubicles: Two floors of loosely constrained walls and
obstacles (Fig. 4(b)).
bug trap: A rod shaped, movable object must orient
itself to fit through the narrow passage and escape a threedimensional version of the classical bug trap (Fig. 4(c)).
alpha puzzle: The entire free space is highly constrained
in this classic motion planning benchmark (Fig. 4(d)).
Table II summarizes the results of 100 random queries
on roadmaps with 20,000 vertices. The column labeled
“original” shows the absolute value of each measure on
the roadmap from k-nearest PRM∗ . Each successive column
shows the results of running the randomized (2k−1) spanner
algorithm on the original roadmap with different values of
k.
A. Space Requirements
While each spanner contains the same 20,000 vertices as
the original roadmap, the space required for connectivity
information is reduced by up to 85%. Environments with
a more connected free space had a larger reduction in the

100

200

300

400

500

original path length

Fig. 5. Mean path length degradation as a function of the path length in
the original roadmap in the “easy” environment with 20,000 vertices.

number of edges because they had more edges that could be
removed while still maintaining connectivity.
B. Path Quality
In Table II, path quality is measured by querying a
roadmap with 100 random start and goal configurations. The
length of the resulting paths increase as the number of edges
in the spanner is reduced. This is expected because if an edge
on a shortest path is removed then the new shortest path must
take a necessarily longer detour. For these random starting
and goal configurations, the extra cost is much shorter than
the worst case guaranteed by the spanner algorithm.
It is interesting which paths are most affected by this
increase in path length. Path quality degradation in the
spanner roadmap is plotted in Fig. 5 as a function of the
original path length and k. In this figure, many more paths
are considered than for Table II. All shortest paths to 10
random vertices are averaged over 5 different roadmaps.
The worst degradation happens for short paths, where
taking a detour of even a single vertex can increase the path
length by a large factor. The path length for the 17–spanner
(k = 9) in this experiment increases by a maximum of 200%,
although this is for a very short path length and the mean at
that length is less than 25%.
C. Query Resolution Time
Query resolution time includes the time it takes to connect
the start and goal configurations to the roadmap and perform
an A∗ search. The connection time is not effected by the
number of edges in the roadmap, only the number of vertices.
Since each spanner has the same number of vertices as the
original roadmap, it can be seen from the results that the
discrete search dominates the query resolution time for such a
large roadmap. Reducing the number of edges in the roadmap
lowers the query resolution time by up to 75%.

(a) easy
Fig. 4.

(b) cubicles

(c) bug trap

(d) alpha puzzle

Environments used in the experimental evaluation with example configurations for the movable object.
TABLE II

P ERFORMANCE OF 100 RANDOM QUERY PAIRS AVERAGED OVER 5 RUNS ON 20,000 VERTEX ROADMAPS .
environment
easy

cubicles

bug trap

alpha

edges (millions)
solution length
smoothed solution length
query resolution time (s)
edges (millions)
solution length
smoothed solution length
query resolution time (s)
edges (millions)
solution length
smoothed solution length
query resolution time (s)
edges (millions)
solution length
smoothed solution length
query resolution time (s)

original
1.894
281.39
270.74
2.65
1.814
320.12
309.03
1.44
1.486
26.44
24.84
1.1
1.113
47.42
44.52
1.43

k=2
85.83%
100.25%
100.09%
86.93%
85.92%
121.78%
122.26%
92.07%
90.46%
101.64%
101.10%
97.08%
91.90%
100.29%
100.03%
102.17%

k=3
38.13%
102.76%
100.38%
43.76%
37.98%
128.87%
127.20%
45.07%
46.91%
104.17%
101.31%
56.50%
53.36%
103.33%
101.49%
65.54%

D. Effects of Smoothing
For each query, there was an attempt at path smoothing.
Nonconsecutive vertices on the path that were near each other
were tested for connectivity. If they could be connected, then
the path is shortened by removing intervening vertices. This
is a greedy and local method for smoothing.
As illustrated in Fig. 1, a spanner can be expected to
maintain the homotopic path classes inherited from the
original roadmap. Paths in the same homotopic class as the
optimal path can be smoothed to the same optimal path.
The result of smoothing the shortest path in the spanners
is not always the smoothed shortest path in the original
roadmap in this case, however. In some environments, the
mean degradation is less than 5% when k = 9.
It should be noted that the smoothing time increases up
to 300% for paths on spanners with k = 9. This reflects the
larger number of vertices in these paths. However, the time
taken to smooth the solutions is three orders of magnitude
shorter than the query resolution time in these experiments,
although it may become consequential in other environments
or for other smoothing techniques.
E. Performance of Heuristic
The heuristic used reduces the number of clusters that are
not adjacent to sampled clusters. On the first iteration, this is

k=4
32.80%
102.98%
100.63%
39.55%
31.85%
127.61%
126.21%
41.70%
40.42%
104.87%
101.48%
53.20%
46.80%
102.93%
101.18%
62.26%

k=5
21.05%
105.95%
101.47%
29.68%
21.50%
130.48%
126.73%
32.00%
26.69%
109.55%
103.96%
41.22%
32.37%
105.43%
101.62%
49.16%

k=6
21.79%
105.35%
101.39%
29.81%
21.79%
129.32%
126.28%
34.32%
27.53%
107.19%
103.21%
43.66%
32.55%
105.15%
102.41%
50.36%

k=7
16.58%
107.20%
101.57%
25.51%
17.03%
132.01%
127.23%
28.99%
20.98%
110.44%
104.26%
38.15%
25.78%
106.85%
101.50%
43.95%

k=8
17.89%
105.86%
101.20%
27.02%
17.74%
131.35%
127.32%
30.38%
22.26%
107.95%
102.81%
38.65%
27.27%
105.96%
102.20%
45.27%

k=9
14.81%
106.64%
100.43%
24.21%
14.97%
132.70%
126.77%
27.62%
18.46%
111.47%
103.25%
35.35%
23.37%
107.79%
102.03%
41.47%

beneficial because vertices not adjacent to sampled clusters
must add all edges to the spanner, even ones that would not
contribute to many short paths.
At later iterations, the heuristic is counterproductive, however, because clusters no longer correspond to single vertices
and may have many inner vertices. Even if the cluster is
adjacent to a sampled cluster, the inner vertices may not be
and all of their edges will be added to the spanner.
This is reflected in Fig. 6, where low values of k show
improvements for the heuristic over the randomized version
while high values are worse.
V. D ISCUSSION
This work shows that it is practical to compute sparse
roadmaps in C-spaces that guarantee asymptotically near
optimal paths. The experimental results suggest that it is
possible for these roadmaps to have considerably fewer edges
than roadmaps with asymptotically optimal paths, while
resulting in much smaller degradation in path quality relative
to the almost optimal roadmaps.
The existing approach removes only edges from the original roadmap. Since, however, the roadmap is embedded in a
continuous C-space, it may be that nodes of the roadmap are
redundant for the computation of near optimal paths. Future
work will investigate how to remove nodes from roadmaps so

1.0
0.6
0.4
0.0

0.2

edge reduction

0.8

randomized
heuristic 1
heuristic 2

2

4

6

8

k

Fig. 6. Performance of the proposed heuristic averaged over 5 different
runs on roadmaps with 2,000 vertices. Heuristic 1 is that described in
Algorithm 5. Heuristic 2 is the same, but doubles the expected number
of clusters.

that the quality of a path answering a query in the continuous
space is guaranteed not to get worse than a specific threshold.
The approach described in this work requires the computation of a dense roadmap. An important direction is to
develop methods for the computation of sparse roadmaps that
directly provide asymptotically near optimal path guarantees.
The cost of computing such a graph is considerably smaller
than the cost of an algorithm such as k-nearest PRM∗ and
also reduces the space requirements of the offline process
[41].
Finally, it is important to study the relationship of the
resulting spanner roadmaps with methods that guarantee the
preservation of the homotopic path classes in the C-space
[3]. Intuitively, homotopic classes tend to be preserved by
the spanner because the removal of an important homotopic
class will have significant effects in the path quality.
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