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Abstract— In this paper we discuss path planning in a special
class of dynamic environments, namelyrepetitive environments,
in which the motions of the moving obstacles are periodic (i.e.
repetitive). For such environments it is possible to generate a
roadmap in a preprocessing stage, which can be used multiple
times to quickly solve individual planning queries. This in
contrast to general dynamic environments, whosetransitoriness
invalidates the premise that a preprocessed roadmap can be used
multiple times. Our approach is suitable for any robot with any
number of degrees of freedom in two- and three dimensional
workspaces, and applications can be found, amongst others,in
virtual environments and computer games.

I. I NTRODUCTION

Path planning is of great importance in various fields such
as robotics and virtual environments. The problem is generally
formulated as finding a path for a robot between two query
configurations that avoids collisions with the obstacles inthe
environment. Most research has focused on the problem of
path planning instatic environments, where the geometry of
the environment is known in advance and the obstacles do not
move. Many solutions to this problem have been presented,
most of them beingprobabilistic [8], [9]. They can roughly
be subdivided into two classes: single-shot and multiple-shot.
Single-shot approaches aim to solve a single planning query
as fast as possible. The most popular method is the Rapidly-
exploring Random Tree (RRT)-approach [7], where a random
tree of possible paths is grown outward from the start until
it can be connected to the goal configuration. Multiple-shot
approaches do some (relatively expensive) preprocessing on
the environment, such that (multiple) individual path planning
queries can be answered quickly. They are useful when ex-
pectedly many queries will be done in the same environment.
The most well-known approach is the Probabilistic Roadmap
(PRM)-method [6], [12]. In the preprocessing stage, it gen-
erates a roadmap that represents the connectivity of the free
space by connecting randomly sampled configurations with
straight-line paths. Individual queries are then answeredby
connecting the start and goal to the roadmap, and searching for
a shortest path (using e.g. Dijkstra’s). BothPRM and RRT are
proven to beprobabilistically complete, and have successfully
been used in complex, high-dimensional configuration spaces.

The extension of the path planning problem to dynamic
environments, where some of the obstacles are moving, has
been extensively studied as well [3], [5], [11], [1]. The
static-environment approaches can be applied to dynamic
environments when the absolute notion of time is incorpo-
rated in the configuration space as an additional dimension.

Fig. 1. A repetitive environment with an automatically revolving door.

Moving obstacles in the workspace then transform to static
obstacles in the configuration-time space. However, the nature
of configuration-time spaces differs considerably from the
nature of regular configuration spaces (without time). Firstly,
configuration-time spaces aretransitory, as the notion of time
in these spaces corresponds to the real-world time. Because
of this, multiple-shot approaches arenot applicable here: it
is possible to construct a roadmap, but it can only be used
once – for a query of which the real-world time corresponds
to the time interval modeled in the configuration-time space.
Therefore, single-shot approaches have been the methods of
choice in these spaces [5], [11].

A second problem of the inherence of the real-world time
and the time modeled in the configuration-time space, is
that planning a path takes time itself, and must be finished
before the path is executed. So, when a path planning query
is formulated in a dynamic environment, one must attach a
time value to the start configuration. This value should not
be chosen too close to the current real-world time, because
that would leave too little time for planning the path. On
the other hand, the start time should not be chosen too far
from the current real-world time, because this would resultin
a latency that is unacceptable for most applications. Ideally,
the start time is chosen equal to the current real-world time
plus the time needed for planning, where the planning time
is preferably as short as possible. However, anRRT-approach
(like in [5]) does not give any guarantee on the amount of time
needed to plan a path, which makes it hard to pick a suitable
start time. Also, the planning may take quite long, particularly
in cluttered spaces with many narrow passages [1].
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The above problems can be overcome if the moving ob-
stacles haveperiodic motions. That is, after some timeπ the
obstacles return to their initial configuration and executethe
same motion again. Suchrepetitive environmentsdo not have
the problem of transitoriness, so wecanapply a multiple-shot
approach and build a roadmap in a preprocessing stage. We
exploit this roadmap to tackle the second problem, as finding
a path in the query stage can be done very fast and within an
accurately estimated amount of time.

Repetitive environments are often observed in practice,
particularly in virtual environments and computer games. Ex-
amples are automated revolving doors (see Fig. 1), automated
sliding doors, regular bus services, etc. Environments in which
a subset of the free space has a periodic motion also fall within
the definition, such as automated platforms, elevators, etc. Yet,
we are unaware of any approaches to date dealing specifically
with this class of dynamic environments.

In this paper we present a framework for path planning
in repetitive environments. Our method is suitable for any
robot with any number of degrees of freedom, both in two-
and three dimensional workspaces. Once a roadmap has been
constructed, queries can be answered within real-time require-
ments. The rest of the paper is organized as follows. In Section
II we will describe a naive approach to the problem. Section
III describes a more advanced approach which tackles the
problems raised by the naive approach, and in Section IV we
will discuss experiments performed with our method proving
the claims we make in the paper.

II. NAIVE APPROACH

A. Problem Specification

The static path planning problem is generally formulated
in terms of the configuration spaceC, the set of all possible
configurations of the robot. The dimension of the configuration
space corresponds to the number of the robot’s degrees of
freedom. To extend the definition to motion planning in
dynamic environments, time is added as a dimension. Let
T ⊂ R be the time interval of interest, then theconfiguration-
time spaceCT is formed asC × T . It consists of pairs〈c, t〉,
wherec is an element ofC denoting the robot’s configuration,
andt a scalar inT denoting the time. The robot is represented
by a point in the configuration-time space, and both static
and dynamic obstacles in the workspace transform to static
obstacles inCT .

For repetitive environments, letπ be the period of the
motions of the moving obstacles. Then the time intervalT
is defined as[0, π). Further, it is combined with the modulo-π
operator, making configuration-time〈c, π〉 equal〈c, 0〉, or in
general:〈c, t〉 = 〈c, t mod π〉. Hence, the space is periodically
connected through the boundariest = π and t = 0.

Given a start configurationcs ∈ C and a start timets ∈
R, and a goal configurationcg ∈ C, the problem to solve
is to find a valid pathΠ : [ts, tg] → C, such thatΠ(ts) =
cs, and Π(tg) = cg, for some arrival timetg ∈ R. Hence,
we must find a collision-free path in the configuration-time
space from〈cs, ts mod π〉 to 〈cg, tg mod π〉. However, this

path should obey some additional constraints posed by the
time dimension. Firstly, time marches forward, so all paths
should be monotonic in the time-dimension. Further, we would
like the paths satisfy some maximum velocityv̂ of the robot.
So, the slope of valid paths in the configuration-time space
is bounded:∀(t1, t2 ∈ [ts, tg] : t2 > t1 : dC(Π(t1), Π(t2)) ≤
(t2 − t1)v̂), wheredC : C2 → R is the distance measure on
the configuration spaceC.

Given the above constraints, we can define a distance
measured : CT 2 → R on the configuration-time spaceCT :

d(〈c1, t1〉, 〈c2, t2〉) =

⌈

t1 + dC(c1, c2)/v̂ − t2
π

⌉

π + t2 − t1.

It measures thetime needed to go from one state-time to the
other without violating the maximum velocity constraint. Note
that since paths inCT are monotonic in the time dimension,
this distance measure isasymmetric.

B. PRM for Static Environments

A PRM-approach aims to create a roadmap that represents
the connectivity of the free configuration space, so that it
can be used effectively for path planning. The roadmap is
constructed by sampling configurations randomly from the
configuration space. If a configuration is collision-free (de-
termined by a collision-checker [2]), it is added as a node
to the roadmap. Subsequently, it is attempted to connect the
node to other nodes already present in the roadmap. If such
a connection succeeds –that is when the straight-line segment
in the configuration space between the two nodes is collision-
free– it is added as an (undirected) edge to the roadmap. This
procedure is repeated until some stop-criterion is met, usually
that is when some predefined set of configurations is connected
via the roadmap.

Since collision-checking is expensive, connections are only
attempted to a specific set ofpotential neighborsfor which
there is a high probability that a connection succeeds. Usually,
this set is formed by the nodes that are closer than some preset
maximum neighbor distancêd. Further, connections to nodes
in the sameconnected componentof the roadmap are omitted.
This is because they would not extend the connectivity of the
roadmap. To fully exploit the latter rule, the neighboring nodes
are considered in the order of increasing distance to the newly
added node.

C. PRM for Periodic Configuration-Time Spaces

To implement aPRM for periodic configuration-time spaces,
we can fairly straightforwardly follow thePRM-approach for
static environments. We start with sampling configuration-
times from CT , i.e. a configurationc is randomly picked
from C and a moment in timet is chosen randomly out
of the interval [0, π) to form a random configuration-time
〈c, t〉. If this configuration-time is collision-free, i.e. the robot
configured atc at time t does not collide with any static or
dynamic obstacle, it is added as a node to the roadmap.

Since the distance measure onCT is asymmetric, the
roadmap must bedirected. Therefore, a new node now has
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Fig. 2. The neighbor region of a noden in a 2-D (a) and a 3-D (b)CT -space.
The horizontal boundaries are induced by the maximum neighbor distanced̂
and the diagonal boundaries are induced by the maximum velocity v̂.

two sets of potential neighbors: potential forward neighbors
(for outgoing edges) and potential backward neighbors (for
incoming edges). In both cases we choose a maximum neigh-
bor distanced̂. So, if the newly added node is denoted byn,
its setsF (n) and B(n) of potential forward and backward
neighbors, respectively, are defined as:

F (n) = {n′ ∈ N − {n} | d(n, n′) ≤ d̂},

B(n) = {n′ ∈ N − {n} | d(n′, n) ≤ d̂},

where N denotes the set of nodes in the roadmap. The
region in the configuration-time space containing the potential
neighbors is hourglass-shaped (see Fig. 2).

Having determined the set of potential neighbors of a newly
added noden, we try to connect to them in the order of
increasingdistance. Just as in the static case, we like to avoid
redundant connections to nodes to which a connection already
exists. However, in directed roadmaps there is no such thingas
connected components. Therefore, we maintain for the newly
added noden two auxiliary sets,FC and BC, containing
the nodes to whichn is transitively forward connectedand
to which it is transitively backward connected, respectively.
Initially these sets are empty, but each time an outgoing edge
from n to another noden′ is added to the roadmap, we
add n′ to the set of forward connected nodesFC, and do
this recursively for the outgoing edges ofn′. The recursion
stops when a node is already inFC, or when the node is
not contained in the potential forward neighbor setF (n).
Now, each time we consider an edge(n, n′) for addition to
the roadmap, we first check whethern′ is already inFC.
If so, we can omit the edge. For backward neighbors we
proceed similarly. When all the potential neighbors have been
considered, a new node is sampled and the above procedure
is repeated. The complete algorithm is given in Algorithm 1.

We consider the nodes in the potential neighbor sets in the
order of increasing distance ton. This may look trivial, but
actually we can only do this because of the property that
all edges are oriented in the same direction along the time
axis. For general directed roadmaps the definition of potential
neighbor sets is much more complicated (as is the evaluation
whether or not a node is a potential neighbor), and the nodes

Algorithm 1 CONSTRUCTPERIODICPRMNAIVE

1: repeat
2: Sample a configuration-time〈c, t〉 ∈ CT
3: if configuration-time〈c, t〉 is collision-freethen
4: Add 〈c, t〉 as a noden to the roadmap
5: FC ← ∅; BC ← ∅
6: for all n′ ∈ F (n) in order of increasingd(n, n′) do
7: if n′ 6∈ FC and the straight-line betweenn and

n′ in CT is collision-freethen
8: Add edge(n, n′) to the roadmap
9: UpdateFC

10: for all n′ ∈ B(n) in order of increasingd(n′, n) do
11: if n′ 6∈ BC and the straight-line betweenn′ and

n in CT is collision-freethen
12: Add edge(n′, n) to the roadmap
13: UpdateBC
14: until some stop-criterion is met

Fig. 3. An example roadmap in the configuration-time space ofthe revolving
door scene of Fig. 1. The third dimension is the time axis.

in the potential neighbor set are considered in the order of
decreasingdistance [12].

We applied the above algorithm on the scene of Fig.
1, where the periodπ covers one quarter-revolution of the
door. The construction of the roadmap stopped when two
specific configurations on either side of the door were mutually
forward connected. To this end, we maintained the forward
connected set of these two nodes during the entire algorithm.
The maximum neighbor distancêd was set toπ/4, and the
maximum velocityv̂ of the robot was set in accordance with
the angular velocity of the door.

Averaged over 100 runs, it took 1.52 seconds to create a
roadmap for this scene on a Pentium IV 3.0GHz with 1 GByte
of memory. The average roadmap contained 2276 nodes (see
Fig. 3 for an example).

D. Query Stage

A roadmap created as shown above can be used to quickly
answer queries for a path in the environment. Suppose we want
to find a path from some configurationcs to some configura-
tion cg, and suppose that the query is posed at real-world time
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tw. Then, we should find a path from〈cs, (tw + ∆t) mod π〉
to 〈cg, tg mod π〉 in CT , wheretg is some preferred arrival
time. ∆t is preferably an as small as possible amount of time
in which we should (1) connect both query configuration-times
to the roadmap as if they were newly added nodes, (2) find
a path in the roadmap from the start to the goal, for instance
using Dijkstra’s algorithm, and (3) do some optional post-
processing on the path, like smoothing. The value of∆t should
be chosen before step 1 is carried out, and the path can only
be executed after step 2 is finished. Hence, we must have an
accurate estimate of how long these steps take to choose a
good value for∆t.

Experiments on the above scene indicate that connecting
the query configurations takes on average 0.006 seconds and
performing a shortest path query (using Dijkstra’s in our case)
takes 0.003 seconds. So, within only 0.01 seconds we can
successfully answer a query. Step 3, smoothing the path, is
not necessary for answering the query, but it makes the path
look nicer and more natural. An appealing property of most
smoothing algorithms is that they are incremental [4], so we
can spend as much time as we like on smoothing the path.
So if, for instance, we choose∆t to be 0.1 seconds, we have
enough time to perform the necessary steps 1 and 2, and can
spend the remaining time on step 3.

III. A DVANCED APPROACH

Although we showed some promising results in the previous
section, the method described so far has some clear drawbacks:

• Large parts of the environment are usually time-invariant.
Yet, samples that are picked from these regions include a
time-value, while they could have been treated as samples
in a static environment. This could substantially lower the
number of nodes in the roadmap (see e.g. Fig. 3).

• If there is more than one periodic obstacle, the overall
period π is calculated as theleast common multipleof
the periods of the individual obstacles. This may cause
π, and thus the number of nodes necessary to adequately
cover theCT -space, to become very large.

• If a query is posed on the repetitive environment, one has
to attach some time-value to the goal configuration (tg in
the previous section). Usually we do not want this, but
rather reach the goal as soon as possible.

In this section we propose a more advanced approach in
which we resolve the above issues. The main idea of the
advanced approach is that local periodicities are considered
instead of one global period.

A. AdvancedPRM for Repetitive Environments

In the advanced method we define each configurationc ∈ C
to have its ownlocal periodπ(c). If the configurationc lies in
a (time-invariant) part of the space where it cannot possibly be
intersected by a periodic obstacle, we defineπ(c) to be zero.
If c does possibly intersect a periodic obstacle, the local period
π(c) of the configuration equals the period of this obstacle. It
may also be possible that a configuration intersects more than
one obstacle, but for now we assume that this will not happen.

To determine the local period of a configurationc, we check
of which periodic obstacles thesweep volumesin workspace
intersect with the robot configured atc. To this end, we assume
that the sweep volumes of the periodic obstacles are modeled
as objects in the collision-checker (see for instance Fig. 1; the
sweep volume is indicated as a transparent disc), along with
information about the period of the obstacle.

Sampling is done as follows. First, a random configuration
c ∈ C is picked. Then we determine the local periodπ(c) of
c. If π(c) is zero, we can treat the sample as a node in a static
environment and need not attach a time value to it. Otherwise,
we should randomly pick a time-value for the sample from the
range[0, π(c)). However, this yields relatively little samples in
time-variant parts of the space. Therefore, we let the number
of time-valuesm that are attached to a configurationc be a
function of the local period:m(c) = max(1, ⌈νπ(c)⌉), where
ν is a parameter controlling the ratio between the number of
samples in time-variant and time-invariant parts of the space.

As there are different local periods, the distance measure
becomes somewhat more complicated:

If π(c1) = 0 ∨ π(c2) = 0, then:

d(〈c1, t1〉, 〈c2, t2〉) = dC(c1, c2)/v̂

else if π(c1) = π(c2) then:

d(〈c1, t1〉, 〈c2, t2〉) =

⌈

t1 + dC(c1, c2)/v̂ − t2
π(c2)

⌉

π(c2)+t2−t1

else the distance is undefined.
The above distance measure implies that we can connect

two nodes when (1) they are both in a time-invariant part
of the space, (2) one node is time-variant and the other is
not, or (3) they are both time-variant but have the same local
period. Nodes that are both time-variant but have different
local periods cannot be connected, but this is not a problem
as indirect connections are possible via time-invariant parts of
the space. In general, we do not allow edges that cross more
than one border between regions of the space with different
local periods. So, for example an edge between two nodes in
the time-invariant part of the space that goes through a time-
variant part is not admitted.

The definitions of the potential neighbor setsF (n) and
B(n) remain the same under the new distance measure.
However, the three types of edges identified above differ in
nature, affecting the way in which we can discard edges for
which a connection already exists. For instance, if we consider
an edge between two time-variant nodes (with local period
πℓ) for addition to the roadmap, we know that if some other
path through the roadmap (with length< πℓ) already exists
between these nodes, the amount of time it takes to travel
from one node to the other is not decreased when we add
the new edge. For an edge between two time-invariant nodes
on the other hand, this is not the case, as such edges are
always traversed at maximal velocity and the nodes do not
have a time-value. Hence, a direct connection between two
nodes in time-invariant parts of the space always shortcuts
possible existing paths in the roadmap (in terms of time). Yet,
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we do not want all of these edges to be added, for a slightly
longer detour may also be acceptable. The same holds (more or
less) for edges connecting one time-variant node and one time-
invariant node. (Note that such edges can only be traversed at
times in accordance with the time-value attached to the time-
variant node of the edge.)

Therefore, we adopt a variant of the method of [10] for
deciding whether or not the edge is added in these cases:
An edge is added between two nodesunless there already
exists a path in the roadmap that is shorter thank times the
length of the direct connection between the two nodes, for
some parameterk ≥ 1. To this end, we maintain for a newly
added node apartial shortest path tree up to some distance
horizon. This horizon equalsk times the length of the edge
that is considered for addition. Since we consider possible
edges in order of increasing length, the shortest path tree is
incrementally grown each time a new edge is considered.

The complete advanced algorithm is given in Algorithm 2.
The function PARTIAL INCRDIJKSTRA(n, h) grows the current
shortest path tree ofn up to horizonh. The graph distance
between two nodesn andn′ is denotedG(n, n′). It is defined
to be∞ if n′ is not in the partial shortest path tree ofn.

Algorithm 2 CONSTRUCTPERIODICPRMADVANCED

1: repeat
2: Sample a configurationc ∈ C
3: for max(1, ⌈νπ(c)⌉) timesdo
4: Sample a timet ∈ [0, π(c)).
5: if configuration-time〈c, t〉 is collision-freethen
6: Add 〈c, t〉 as noden to the roadmap
7: for all n′ ∈ F (n) in order of incr.d(n, n′) do
8: PARTIAL INCRDIJKSTRA(n, k · d(n, n′))
9: if k · d(n, n′) < G(n, n′) and the edge(n, n′)

is collision-free inCT then
10: Add edge(n, n′) to the roadmap
11: Do the same for backward neighbors inB(n)
12: until some stop-criterion is met

B. Query Stage

Suppose we want to find a path from a configurationcs

to a configurationcg in a repetitive environment using the
advanced method. Ifcg is time-invariant, i.e.π(cg) = 0, we
do not need to attach a time value tocg, and thus do not need to
predetermine some ‘preferred arrival time’ like in the previous
section. Also, ifcs is time-invariant as well, we can connect
both query configurations to the roadmapbeforedetermining
the start time of the query. Lettw be the real-world time after
we have connected the query configurations to the roadmap,
then the start timet0 of the query will equaltw + ∆t, for an
as small as possible∆t. The only thing we have to do in this
time lapse∆t is finding a path in the roadmap starting from
cs at time t0 and arriving atcg as quickly as possible (and
optionally some path smoothing afterwards).

For this, we slightly adapt Dijkstra’s algorithm, as we should
be careful if we encounter edges from a time-invariant node

Fig. 4. A repetitive environment with three sliders. The white squares are
free space that slide back and forth along the arrows.

n to a time-variant noden′ = 〈c′, t′〉. Such an edge is only
valid if we leaven at timestℓ for which: tℓ mod π(c′) =
(t′ − d(n, n′)) mod π(c′). Hence, if we arrive atn at time
t, we must wait atn for (t′ − d(n, n′) − t) mod π(c′) time,
before we can proceed ton′.

C. Overlapping Dynamic Obstacles

In the above advanced method we have not dealt with cases
in which the sweep volumes of the repetitive obstacles overlap
in theconfiguration space. That is, at some configurations the
robot intersects more than one sweep volume inworkspace.
Let us first discuss the case that apair of obstacles intersect. To
create a roadmap in such environments, we should treat these
two obstacles as one obstacle with a period equal to theleast
common multipleof the periods of the individual obstacles.
Having defined two intersecting obstacles as one obstacle, we
can thus handle the case in which three or more obstacles
(either directly or indirectly) intersect as well. Eventually, each
connected componentof intersecting obstacles is treated as one
obstacle with a period equal to the least common multiple of
the periods of the constituting obstacles.

To show that we cannot do any better than this, consider
Fig. 4. Suppose that we want to find a path froms to g through
the series of sliders (the white squares are free space that slide
back and forth along the arrows). Obviously, if the robot has
area, the sweep volumes of the three obstacles (indirectly)
intersect. Now, if each slider has a different period, and the
motions of the sliders are out of phase, the robot has to stay in
the horizontal slider for a couple of periods (i.e. moving back
and forth multiple times) until it can switch to the right vertical
slider. Even though the periods of the individual sliders may
be small, the combined period of the sliders can be large, and
the path that is found through these sliders can indeed be of
the complexity of this combined period.

IV. EXPERIMENTS

We implemented both the naive and the advanced method
for creating a roadmap in a repetitive environment. The
advanced method has two parameters,ν andk, which the naive
method does not have. Note that if we define the local period
π(c) to equal the global periodπ for all configurationsc, and
we setν = 0 and k = 1, the advanced method has become
equivalent to the naive approach.
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TABLE I

RESULTS FOR VARIOUS PERIODS OF THE REVOLVING DOORS(SEEFIG. 5)

Periods Naive approach Advanced approach
local global #vertices #edges roadmap add query dijkstra #vertices #edges roadmap add query dijkstra

1 1, 1 1 665 9079 4.84s 0.017s 0.001s 711 2193 1.57s 0.031s 0.001s
2 5, 5 5 4010 59058 28.23s 0.031s 0.010s 1499 6021 7.07s 0.053s 0.002s
3 2, 2.5 10 3198 30403 16.66s 0.018s 0.005s 897 3110 2.55s 0.034s 0.001s
4 2.5, 4 20 6975 69186 39.27s 0.037s 0.012s 1099 4073 3.91s 0.042s 0.001s
5 1.3, 3.5 45.5 11404 95235 64.02s 0.059s 0.016s 899 3230 2.90s 0.038s 0.001s
6 2.9, 3.7 107.3 22177 167791 140.44s 0.135s 0.032s 1146 4237 4.03s 0.041s 0.001s

Fig. 5. A repetitive environment with two revolving doors.

In this section we compare the performance of both ap-
proaches on the environment of Fig. 5 for various periods
of the revolving doors. That is, we measure the time needed
for creating the roadmap, the time needed to attach the
query configurations to the roadmap, and the time needed to
perform Dijkstra’s shortest path algorithm. Since randomness
in involved in creating a roadmap, these figures are averaged
over 100 runs. Parameters such as maximal velocityv̂ of the
robot, and maximal neighbor distancêd are set equal for both
methods. Throughout the experiments, we fixν = 1 andk = 3
for the advanced method. In all cases, the stopping criteriais
that both query configurations are mutually forward connected.
The experiments were performed on a Pentium IV 3GHz with
1 GByte of memory. The results are summarized in Table I.
The first column gives the periods of both doors and the global
period, i.e. the least common multiple of both.

The results clearly show that the time it takes for the
naive approach to generate a roadmap grows more or less
proportional with the global period of the environment. This
relation is not strict however, as is indicated by the second
experiment. Although the global period is smaller than in
the third experiment, it still takes more time to generate a
roadmap. This is because the individual periods of the doors
are larger in the second experiment, giving less opportunities
to pass the revolving doors. The running times of the advanced
approach are not affected by the global period. Only the
local periods of the doors play a role, which is indicated by
experiments 2 and 4, which feature the largest local periods
and hence require the most time for a roadmap to be generated.

Adding the query configurations to the roadmap takes more
time (relative to the roadmap size) in the advanced method
than in the naive approach, because the technique used to
determine whether or not an edge should be added between

two nodes is more expensive in this case. However, for the
advanced method this step is not part of the planning time
that needs to be pre-estimated. Only the Dijkstra-step is, and
because the roadmaps stay small in the advanced method,
this can be performed within insignificant amounts of time.
Also, the amount of time needed can be estimated accurately;
it scales more or less linearly with the number of edges in
the roadmap (see the results of the naive approach). We can
conclude that after a query is posed, the path can be executed
with negligible latency, well within real-time constraints.

V. CONCLUSION

In this paper we presented a probabilistically complete
approach for path planning in repetitive environments. We
showed that these environments need a different treatment than
general dynamic environments, as they are not transitory. This
allows for a multiple-shot approach in which a roadmap is
created in a preprocessing phase. Experiments presented inthis
paper prove that, using such a roadmap, path planning queries
can be answered within minimal and predictable amounts of
time. Hence, our approach can be used effectively in real-time
applications, such as computer games or virtual worlds.
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