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Abstract. In this paper, we present a novel solution to mobile robot coverage
of unstructured environments. We apply boustrophedon-based planning and use
a heuristic to make the minimum sum of altitudes (MSA) decomposition, which
computes an optimal exact cellular decomposition, applicable to more complex
environments. Contrary to previous approaches, our technique explicitly takes
into account different entry and exit points for the obtained cells and hence allows
for minimizing inter-region distances in the corresponding traveling salesman
problem (TSP) formulation. This is a highly important factor for unstructured environments, which heavily influences the quality of the final plan. Furthermore,
we show how our method is applicable to coverage with finite resources. We implemented our planner in ROS and performed extensive experiments in a V-REP
simulation environment in various scenarios. Comparisons with a state-of-the-art
boustrophedon-based method show that our approach has a significantly lower
total coverage time. Additionally, we demonstrate that our system is capable of
performing online recharging and replanning in dynamic, crowded environments
while obtaining a high coverage percentage. The results of this work are relevant
for a variety of real-world applications such as autonomous floor cleaning.

1

Introduction

Coverage planning for planar environments has been frequently studied since it has
various real-world applications that range from floor cleaning [13], lawn mowing [3],
agricultural field operation [15] to surveillance, painting, and underwater mining. The
efficiency of the task execution becomes a benchmark as soon as industrialized autonomous systems become available on economic markets as commercialized products.
In the case of professional floor cleaning robots, real-world applications impose heavy
constraints on resource capacities, thus requiring efficient solutions while the robots
also need to be able to react to dynamic obstacles and temporary no-go areas. Furthermore, the planner has to comply to kinematic constraints as well as to task-specific
motion strategies, such as the preference for so called “ox-plow” motions (i.e., going
back and forth as can be seen in the path in Fig. 1). Such motions are known to be a
good strategy for minimizing the number of turns [14], which are often time-consuming
for larger robots.
In this paper, we propose an algorithm capable of both offline-planning and onlinereplanning for efficient coverage that overcomes limitations of state-of-the-art approaches

Fig. 1. Complete coverage plan including inter-region paths as generated by our algorithm (interregion paths in black). Numbers indicate the order in which the regions from the MSA decomposition are processed according to our TSP solution. As can be inferred, inter-region distances play
an important role and can seriously influence the total coverage time. Our aim is to generate a
complete time-minimal coverage path. Note that even if the environment can be represented using
only rectangular polygons in this example, our approach is generally applicable to environment
representations consisting of arbitrary polygons.

as discussed in depth in the next section. Existing boustrophedon coverage techniques,
which are based on ox-plow motion, try to find a near-optimal coverage path that visits all cells obtained from the decomposition. However, they commonly neglect interregion paths, which are inherently also part of the final plan and play an important role
as they can seriously influence the total coverage time.
Our boustrophedon path planning algorithm aims at generating a complete timeminimal coverage path. Given a grid map of the environment from which a polygonal
representation is derived, our approach finds a segmentation using optimal exact cellular
decomposition, calculates possible ox-plow paths for the obtained cells, and efficiently
plans a TSP tour to solve the coverage problem. Hereby, the TSP tour is aware of all
different entry and exit points for each considered cell. As an example, Fig. 1 shows
a coverage plan for an unstructured environment. As can be seen, the regions are efficiently traversed in an order so as to minimize the overall coverage time.
Comparative experiments in a V-REP simulation environment demonstrate that the
paths generated by our method have a significantly lower completion time than a stateof-the-art approach [23]. Additionally, we show that our framework can perform online
recharging and replanning in dynamic scenes while still obtaining a high coverage percentage. Our ROS-based implementation can be easily integrated in service robots that
are deployed in complex scenarios with finite-resource constraints to efficiently perform
the coverage tasks.

2

Related Work

We first review general coverage planning algorithms and then present approaches that
work with finite resources.
An extensive survey and background to the coverage path planning problem is found
in the work of Choset [5] and Galceran et al. [11]. In the following, we address relevant
works from the surveys, in addition to more recent results. Jimenez et al. [16] compute
a trapezoidal decomposition and apply a genetic algorithm that generates a traversal
order and constructs the path structure. Due to a non-optimal initial decomposition and
a randomly initialized genetic algorithm, this approach might lead to a sub-optimal
solution. Jin and Tang [17] use different types of robot motion turns to find the best
coverage motion. However, this formulation does not provide the optimal positions for
entering and exiting the regions nor for traveling between different regions. The work
of Xu et al. [24] introduced an algorithm based on the Boustrophedon cellular decomposition [6]. The authors encode the cells as edges of a Reeb graph and use the Chinese
Postman Problem (CPP) to calculate an Euler tour that accounts for the entry points
of the robot. While this method provides a path that traverses each cell once, its construction phase ignores inter-cell distances. Choi [4] uses the MSA decomposition [14]
and formulates the problem as a group traveling salesman problem, considering for each
cell its entry and exit points. The author proposed to perform an exhaustive search using
integer programming to provide the optimal solution. This method is only feasible for
environments with few regions. The work of Pratama et al. [20] performs path planning
to segment the map into an occupancy binary map. Afterwards the authors use a Morse
decomposition and apply an efficient heuristic to find paths that minimize the number
of turns in a plan. For getting the shortest coverage path, a depth-first search (DFS) is
performed on the adjacency graph. This method achieves reasonable paths with a low
number of turns. However, while DFS traversal is highly efficient to compute, it does
not ensure an optimal solution.
Mei et al. [18] addressed the deployment of mobile robots with energy and time
constraints. Their work provides a strategy for a group of robots for covering a given
area but does not consider charging or receiving new resources as the problem is formulated without a service station. Aaron et al. [2] addressed the multi-robot, multi-depot
dynamic coverage problem. The authors provided algorithms for an arbitrary fixed number of robots for a range of typologies, however, they do not consider full coverage of
an arbitrary space. Their work rather concentrates on border coverage. Easton and Burdick [9] also presented a solution to the multi-robot, multi-depot coverage problem.
They posed the coverage problem as the k-rural postman problem, provided a heuristic and used it to formulate the coverage routes. Although this approach incorporates a
depot in the problem formulation, it is only used as a single dispatch and return point,
and not for charging purposes to aid continuous planning. Shnaps and Rimon [22] addressed the coverage problem of a battery-constrained robot that uses a service station
for recharging. Their work establishes a universal lower bound over all on-line battery
powered coverage algorithms and provides a coverage algorithm that is based on circular motion paths. While the authors developed a close to optimal coverage algorithm,
the circular movement used is disadvantageous for many practical robot tasks. Finally,
Strimel and Veloso [23] presented an approximate solution to the coverage problem

with finite resources. After decomposing the layout using a boustrophedon approach,
the robot’s service station is incorporated in a weighted full graph that represents the
obtained cells. To find a reasonable tour, the authors apply an approximation of a reduction to the distance constrained vehicle routing problem [1]. The result is a list of
sub-routes with the service station as start and end point. By following these routes the
robot covers the entire environment. The proposed algorithm provides an elegant solution to the coverage problem but is based on a non-optimal decomposition. In contrast
to our approach, their work does not consider different entry and exit points of cells
and assumes that the cells are entered from a predetermined corner which is reasonable
for office-like environments but not for unstructured environments where cells can be
entered from different locations using multiple directions.

3

Problem Formulation

We consider the following problem: A mobile service robot is required to cover a
known, unstructured environment with static and dynamic obstacles (e.g., moving people). The static obstacles in the environment are represented by a grid map from which
a polygonal representation is created. The robot is equipped with finite resources (e.g.,
battery) that might not suffice to complete full coverage without being recharged. The
environment contains a service station where the robot can renew its resources. We
assume that the robot can continuously determine its pose and detect local obstacles.
Given that the robot can travel from its starting point (which is typically a service station) to the farthest point in the environment and back to recharge, we aim at finding
an efficient plan that minimizes the time needed to cover the whole environment. To
do so, we consider as move cost between two locations the shortest distance computed
from the grid map. The travel cost of a complete path is the sum of the distances of
subsequent grid cells on this path and for recharging we use constant cost.

4

Our Approach to Coverage Planning

In this section, we first describe the applied technique to decompose the environment
into disjoint segments, which can be efficiently covered with so-called boustrophedon (or ox-plow) motions minimizing the number of time-consuming turns. Afterwards,
we introduce our approach to solve the coverage planning problem using a traveling
salesman problem formulation.
4.1

Decomposition of the Environment

Given the polygonal representation derived from the grid map of the environment,
we segment it using the MSA decomposition [14] and obtain a set of disjoint cells
{c1 , . . . , cn }. Each corresponding region can be efficiently covered using a simple oxplow (back-and-forth) motion. The MSA decomposition provides an optimal cellular
decomposition that minimizes the sum of turns within the sub regions. The resulting

Fig. 2. Illustrative example. A simple rectangular cell with its two different optimal ox-plow
motions given that the cell can be entered at the bottom/top left/right corner. As can be seen, the
optimal sweep direction is horizontal since it minimizes the number of necessary turns. Note the
different start and end locations for each path.

decomposition consists of monotone polygons.3 To efficiently find a good MSA decomposition for a complex environment, we implemented a heuristic. This heuristic is
based on partitioning the cellular decomposition adjacency graph into sub-graphs and
applying the MSA method for each. The sub-graphs are disjoint and their union is the
original adjacency graph. Based on available computation resources, the maximum size
of a sub-graph can be chosen. After applying the MSA on each sub-graph, we iteratively
check whether adjacent regions can be merged, i.e., whether the merged polygons are
still monotone wrt. the sweeping direction.
The problem we consider in the following is how to determine the best traversal
order for the complete environment with the obtained regions. Here, we need to consider
(1) the best order to process the cells and (2) the entry and exit point positions for all
cells so that the total traveling distance between the cells is minimized. Given n cells, the
search space corresponding to (1) is n!. This, however, still does not take into account
where to enter and exit the cells. If each cell permits two different start points to perform
the boustrophedon motion, the size of the search space is increased to 2n · n!.

4.2

Possible Boustrophedon Paths

The regions resulting from the MSA decomposition consist of monotone polygons with
the associated optimal sweeping direction and for each cell we have two different starting corners and two different ending corners. In this work, we consider two possible
optimal boustrophedon motions for each region, (1) a motion that starts at the bottom
left corner and (2) a motion that starts at the upper left corner of the region (see Fig. 2
for an example in which the horizontal sweep direction is the optimal one).
3

In geometry, a polygon P in the plane is called monotone with respect to a straight line L, if
every line orthogonal to L intersects P at most twice.

An ox-plow motion can then be represented as a list of (x, y) points, that all reside in
the cell. For a cell ci we define Bousti1 and Bousti2 for the above two paths respectively:




i
i
i
i
, j ∈ {1, 2} , i ∈ {1, . . . , n}
(1)
Boustij =
x1j , y1j , . . . , x jj , y jj
ni

ni

Here, Bousti contains ni grid map coordinates that represent the boustrophedon path.
A boustrophedon path is therefore guaranteed to pass over the entire region: if it
starts at a start corner it will finish at an end corner. Since the notion of start and end
is symmetric (i.e., a start point might be considered an end point and vice versa), we
plan the motion for each cell for its two possible start corners and, thus, get two boustrophedon paths that correspond to its optimal sweep line. For cell i, let these points
be denoted as starti1 , endi1 , starti2 , endi2 corresponding to the start and end point for the
bottom left and the top left corner of the cell, accordingly.
4.3

Formulation as Traveling Salesman Problem

To determine the best traversal order of the environment with the obtained cells, we
formulate the problem as a graph traversal problem analogous to the traveling salesman
problem (TSP). An exact solution of the TSP provides the optimal coverage tour for our
problem. Strimel and Veloso [23] have already considered the reduction of the coverage
tour problem as a TSP problem. However, in their proposed solution, the entry and exit
points of the cell were neglected, even though they might form a major factor in the
overall tour. Thus, we extend the graph formulation to account for the different entry
and exit points and corresponding costs and aim at generating a TSP tour that computes
the best traversal order while taking into account the possible entry and exit points of
the cells.
We construct an undirected full graph G = (V, E) between all cells including a special cell accounting for the service station vstation
. We represent each cell ci , 0 < i ≤ n as
0
middle
three vertices: vstart
, vmiddle
, vend
i
i
i which account for the entry and exit points. Here, v
plays a special role as it enforces the TSP solver to treat each cell atomically, i.e., once
a route traverses through a start/end vertex, it has to go along the other two vertices,
meaning that it traverses the complete cell before addressing other cells. A complete
2-Opt solver will compare every possible swapping of edges in this TSP formulation.
Since between every two cells, there exists a route with a finite distance (by the way
the graph is built), a solution is hence guaranteed. The complete graph formulation is
as follows:
o
n
middle end
middle end
, vn
, v1 , . . . , vstart
V = vstation
, vstart
n , vn
0
1 , v1
o
n

E = vai , vbj |vai , vbj ∈ V, vai 6= vbj


0,
if i = j and


(2)



(a = middle or b = middle)

w(vai , vbj ) = dist(vai , vbj ), if i 6= j and



a 6= middle and b 6= middle



∞
otherwise

where dist(vai , vbj ) returns the shortest distance between the two points. In our implementation we used A∗ [12] to compute paths between the entry/exit points on a grid
map. Recall that every cell can have up to two possible start points (with their corresponding end points). The above graph represents only one variation of a possible
plan. To consider all possibilities, we need to compare the costs of all possible 2n variations. We implemented an efficient binary representation to encode the multiple graphs.
The encoding of the graph is a binary vector which consist of n bits corresponding
to n cells, where each bit determines the corresponding cell’s ox-plow coverage path.
Depending on the value of each bit, a corresponding ox-plow motion will be chosen
and thus different inter-cell distances for the whole graph will be calculated, while also
considering the cost of the corresponding boustrophedon paths inside the cells. For each
graph the TSP is solved and its travel costs are saved. All inter-cell distances are hashed
to avoid extra calculations. In real-world environments, not all cells will have two entry/exit points (depending on the geometry of the monotone polygons) and the number
of vector permutations will be low. Hence, the number of TSP problems that have to be
considered is much smaller than 2n .
4.4

Solving the Traveling Salesman Problem

In general, assigning weights of ∞ and 0 in a TSP graph is not common. We use this
technique to force the TSP solver once it “enters” a cell to remain in it. Our weight
assignment in (2) breaks the triangular inequality and therefore our graph does not
qualify for a metric space TSP solver. To address this, we use a TSP heuristic that
still works outside the metric space. In our experiments, the 2-opt heuristic [10] always
provided the best result in comparison to other heuristics. Our system computes the TSP
heuristic for all the possible variations (up to 2n ) and chooses the traversal tour with the
lowest cost for execution.

5

Considering Capacity Constraints

The tour resulting from the solution of the TSP starts and ends at the station node.
In this section, we now tackle the problem of finite resources, which means that we
need to deal with cases in which the robot cannot traverse the complete tour without
recharging. One solution is to apply an approximation to a reduction to the distance
constrained vehicle routing problem (DCVRP) as proposed by Strimel and Veloso [23].
The idea here is to partition the TSP tour into sub-paths that start and end at the service
station. While this method provides a solution to the imposed capacity constraint, it
has two major downsides: (1) It does not account for live consumption of resources
but rather computes an offline estimate and (2) the granularity of the sub-routes are in
complete cells and cannot be broken into paths within cells.
To overcome these issues, we developed a method that applies replanning on the fly
if needed and, thus, can react dynamically according to the availability of resources. Additionally, we allow for interrupting a path at any time within a cell. Thus, our method
is independent from the dimensions of the cells. With our approach, the robot utilizes
the on-board resources to the maximum. As a result, it tries to minimize the number of

time-consuming round-trips needed to travel to the service station and back to the next
uncovered region. In practice, this often provides significant performance gains as the
service station is typically positioned in a corner of the environment.
During the execution of the coverage plan, we maintain for each cell its updated
ox-plow path and the corresponding entry point. When a visit to the service station is
needed, our system invokes replanning, i.e., it computes the best tour that takes into
account the updated graph of the current status of the environment. For the current
cell in which the robot operates, we continuously update the remainder of the path,
which can be done in O(1) time since we only have to update the first coordinate of
the cell’s boustrophedon path Boust (see Eq. 1). When a cell is completely covered, its
corresponding vertices and the edges are removed from G.

6

Path Execution and Replanning

To execute the computed plan and deal with moving obstacles, we implemented a classical two-layered path planning architecture that consists of a planning and a collision
avoidance layer. The planning layer provides the global coverage path according to the
method described in Sec. 4. The collision avoidance layer then decides based on sensor data whether to execute the corresponding motion commands or not. To react to
dynamic obstacles such as single humans or crowds of people on the coverage path,
the robot stops, waits, and performs replanning if needed. Hereby, the robot uses a
predefined threshold, that defines the maximum waiting time before recomputing the
coverage plan.
Thus, the planning layer is called in two cases: (1) Resources are scarce, and hence
a path to the service station and a new coverage plan for the remaining area is requested (see previous section) and (2) the collision-avoidance layer detects obstacles
on the path and cannot proceed with the current plan. In both cases, a new coverage
plan is computed for the remaining area.

7

Experimental Results

For testing our approach, we implemented our system in ROS [21] and simulated the
execution of the coverage plan in V-REP [8]. For the implementation of the TSP heuristic, we used the LEMON library [7].
7.1

Comparative Experiments

Alternative Planning Methods For a benchmark comparison, we implemented BC
Sweep, the planner proposed by Strimel and Veloso [23] which can be considered as
state of the art for coverage with boustrophedon paths. BC Sweep does not consider the
costs of traversing inter-cell paths and segments the environment into rectangular cells.
Nevertheless, BC Sweep can be used to compute a coverage plan of office-like environments with many rooms, such as the environment discussed in the work itself [23].
Note that most of the 53 rectangular cells that were generated in the experiments of

Fig. 3. Service station locations for experiments in the airport environment.

this work, represent closed rectangular spaces with a single entry point (which is also
the exit). For environments consisting of such self-contained cells, the coverage path of
each cell can be calculated separately and then integrated in the entire plan as there are
no different possible entry points that need to be considered. In our experiments, we
focus on environments without such a clear room structure (e.g., airport halls or large
hallways), where different entry/exit points of the cells highly influence the efficiency
of the coverage path.
Standard BC Sweep does not consider the structure of the cells, uses only a horizontal sweep motion, and does not calculate the inter-cell paths to take into account
the corresponding costs. Therefore, to have a fair comparison, we implemented two
additional strategies based on BC Sweep:
– BC Sweep horizontal: based on the method proposed by Strimel and Veloso [23]
with the Christofides TSP solver [19] using only horizontal motion.
– BC Sweep vertical: using only vertical motion.
– BC Sweep hybrid: using the best motion for each cell.
For all methods, we calculate the cost of the inter-cell paths in the TSP and choose
the lower left corners of the cells resulting from our segmentation as the entry points.
Additionally, to account for capacity constraints, we apply the technique presented in
Sec. 5. Using this experimental design, our aim is to show the strength of our approach
that considers different entry and exit points and the corresponding path costs in the
TSP formulation. We performed the comparative evaluation in three different environments (see Figs. 3-4 and Fig. 1). Note that even if in these test examples, the environments can be represented using only rectangular polygons, our approach is generally
applicable to environment representations consisting of arbitrary polygons.
Evaluation Criteria For comparison, we evaluate the total time the robot needs to
cover the complete environment, which counts the time from the initial movement of
the robot until the end of the coverage plan. Note that this also includes the time needed
to recompute the path if necessary in case of recharging. We used different time constraints λ on the capacity in the experimental evaluation. The initial planning time is

Fig. 4. Service station locations for the experiments (Environment 2).

excluded since the coverage path can be computed offline (for a complex environment
as the one in Fig. 3, it took about five minutes to calculate). We neglected the time
needed for acquiring new resource from the service station, since this is independent of
the quality of a planner.
Comparative Results We evaluated our method in comparison to the three BC Sweep
methods described in Sec. 7.1 in three different environments. For each environment,
we tested ten different starting positions which reflect the position of the service station
and simulated for each environment/method, three different capacities λ . To be fair, we
give all BC Sweep methods the possibility of issuing a recharge request at any point,
and not only at the granularity of complete cells [23], i.e., at the end point of a cell’s
ox-plow path. The ten different locations for the service station were chosen randomly
and are depicted in Figs. 3-4 for two environments.
Figs. 5a-5c show the obtained result of the different planning algorithms. As can be
seen, our planner lowered the coverage time by at least 10% and significantly outperforms the BC Sweep planners as proven by a paired t-test (99.999%). Note that in many
cases, our method has a lower total plan variance, which makes it more reliable and
independent from the service station location. As a qualitative example, Fig. 8 shows a
complete coverage plan and the resulting robot path after recharging and replanning.
7.2

Performance in Dynamic Scenarios

Finally, we tested our approach in a significantly more complex, dynamic environment corresponding to an airport scenario (Fig. 6). To achieve a close to real-world
example, we simulated walking people, three different static queues, and two dynamic
queues (which means that the corresponding people start moving at t = 2000 sec) as can
be seen in the figure. The behavior of a moving person is a repetition of the following:
choose a random walking direction and follow it until a collision occurs.
Figs. 7a-7c show results for different capacity constraints and for different numbers
of moving people that were added at the beginning of the simulation at random points in

Time [sec] & standard deviation

4,000
8,000
6,000

Our
BC Sweep Hybrid
BC Sweep Vertical
BC Sweep Horizontal

3,000
2,000
2,000

4,000

1,000

1,000

2,000
0

3,000

∞

2000
1000
Capacity Constraint λ [sec]

(a) Airport Environment

0

∞

2000
1000
Capacity Constraint λ [sec]

(b) Environment 2

0

∞

2000
1000
Capacity Constraint λ [sec]

(c) Environment 3

Fig. 5. Comparison of coverage time (including the time for replanning) for different capacity
constraints in the three unstructured environments (see Figs. 3-4 and Fig. 1). The results show
the mean and standard deviation of the complete coverage time for 10 different robot starting
positions. Note that this also includes the time needed to recompute the path if necessary in
case of recharging. The initial planning time is excluded since the initial coverage path can be
computed offline.

addition to the queues. The robot’s starting pose was at the service station in the upper
left in Fig. 3. The figure shows the mean values of five simulation runs to account for the
randomness of the people’s motion. In addition to the execution time, we evaluate the
percentage of the environment covered by the robot. The results clearly demonstrate that
our planner is able to perform online recharging and replanning while also obtaining a
high coverage percentage despite the permanent presence of dynamic obstacles.

8

Conclusions

In this paper, we presented a novel technique for mobile robot coverage of unstructured
environments that can deal with finite resources and dynamic obstacles. Our approach
applies optimal exact cellular decomposition and formulates the coverage problem as
a TSP on the obtained cells. In the TSP, we explicitly consider different inter-cell distances resulting from the possible ox-plow paths within the cells. Thus, the TSP tour is
aware of different entry and exit points for the cells, which is especially important for
environments without a clear room structure.
We thoroughly evaluated our coverage planner in environments of different complexity and with varying capacity constraints. In comparative experiments, we demonstrated that our algorithm provides significantly shorter paths than a state-of-the-art
boustrophedon-based coverage method. Additionally, we showed that using our approach the robot can deal with dynamic obstacles and perform online replanning and
recharging if necessary.
Another possibility would be to include multiple charging points and to consider
recharging at different points in time and not only when resources are ceased. Such
strategies might result in a shorter coverage time.
As future work, we will also evaluate how the performance of our heuristic on the
MSA decomposition scales to even larger environments in comparison to applying the
MSA on the complete graph which, however, significantly increases the run time.

Fig. 6. Airport model in V-REP with simulated dynamic obstacles (moving people) that were
added randomly at time t = 0. Additionally, there are three static queues of people and two
dynamic queues (those are in the upper part of the image), in which people will start moving
randomly at t = 2000 sec.
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7. Dezs, B., Jüttner, A., Kovács, P.: LEMON - An open source C++ graph template library.
Electron. Notes Theor. Comput. Sci. 264(5), 23–45 (2011)
8. E. Rohmer, S. P. N. Singh, M.F.: V-REP: A versatile and scalable robot simulation framework. In: Proc. of The International Conference on Intelligent Robots and Systems (IROS)
(2013)
9. Easton, K., Burdick, J.: A coverage algorithm for multi-robot boundary inspection. In: Proc.
of the IEEE International Conference on Robotics and Automation (2005)
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5,000

λ = 1000
λ = 2000
λ =∞

4,500
4,000
3,500
3,000
2,500
2,000
1,500
1,000
500
0

0

10

20

30

40 50 60
% Covered

70

80

90 100

(b) #moving people = 20
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(c) #moving people = 30
Fig. 7. Coverage progress for the dynamic airport environment (Fig. 6): Each graph shows the
percentage of the covered area with a number of randomly moving people in addition to two
static and three dynamic queues. λ refers to the capacity constraint, i.e., seconds until the next
recharge. In order to account for the inherent randomness of the environment, we give the mean
of five simulation runs. As can be seen, with our approach the robot is able to perform online
recharging and replanning while achieving a high coverage percentage despite a high number of
dynamic obstacles.

Fig. 8. Top: initial coverage plan. After covering Region 12, the robot had to recharge. Bottom:
recomputed remainder of the plan after a recharge request at λ = 2000 sec. The figure can be
best viewed in color. Boustrophedon paths within the cells are drawn in blue, inter-region paths
in black, and the path from the start to the first region as well as the path to the service station in
red.

