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Abstract
Planetary exploration missions require efficient coverage path planning methods to reliably and rapidly investigate vast
areas of scientific interest. This task is particularly challenging due to strict computational limitations and complex terrain
properties, with nontraversable regions separating the target area into multiple arbitrarily shaped safe regions. For covering
such terrains, the proposed work presents a multi-stage heuristic coverage path planning method that utilizes multi-modal
robots capable of switching between ground and aerial locomotion. Safe regions are extracted from a Digital Elevation
Map (DEM) and individually covered by solving a Traveling Salesman Problem (TSP) using a Lin-Kernighan Heuristic
solver. The sub-tour endpoints are then connected through an additional TSP to generate the complete coverage path. Unlike
existing approaches that assume convexity, the proposed method generalizes to complex planetary scenarios and prioritizes
computational efficiency. The method is evaluated on over 500 randomly generated maps, as well as scenarios derived from
MartianDEMdata, using a single core of a low computation power embedded computer. The experimental results demonstrate
the viability and computational efficiency of the approach across various complex scenarios with arbitrarily shaped regions.
When compared with state-of-the-art planners, the proposed method achieves substantially reduced computation times while
producing coverage paths of comparable length.

Keywords Coverage path planning · Planetary exploration · Planetary autonomy · Complex terrains ·
Traveling salesman problem · Multi-modal robots

1 Introduction

Coverage Path Planning (CPP) plays a pivotal role in mod-
ern robotics, enabling robots to navigate and survey complex
environments. In the context of planetary exploration, CPP
allows planetary robots to efficiently map environments,
collect samples and identify points of interest. While CPP
has been widely applied in domains such as agriculture or
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industrial inspection [1], extending these methods to plan-
etary exploration remains difficult due to the need to plan
efficiently in unstructured terrains. These environments often
contain regionswith obstacles such as cliffs, boulders or steep
inclines [2], which ground rovers cannot traverse safely due
to their mechanical capabilities. We define a safe region as
any portion of the terrain that is free of such obstacles and
therefore considered suitable for robotic traversal. Due to
the placement of obstacles, safe regions can take arbitrary
shapes, including convex andnon-convex forms. Safe regions
may also fully enclose one ormultiple obstacles. Inmany sce-
narios, obstacles can entirely separate safe regions from each
other, as shown in Fig. 1.

While ground rovers are incapable of completely covering
thesemaps, aerial robots could avoid obstacles by flying over
them. However, aerial robots suffer from limited onboard
resources, limited range, higher risk of failure, higher energy
consumption, and reliance on a suitable atmosphere. Further,
due to the lower vantage point, ground-based rovers can get
a better view of narrow or covered regions.
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Fig. 1 Illustration of the
Multi-Modal Multiple
Disconnected Regions CPP
(M3DR-CPP) problem near a
crater edge on Mars. The robot
must travel from the green
region over the red obstacle into
the blue region using its aerial
modality to cover the entire
map. Black lines show the
coverage path between the black
waypoints; the white dashed line
shows the use of the aerial
modality. DEM data courtesy of
MarsTrek [63]

To bridge the gap between ground rovers and aerial robots,
and to take advantage of the benefits of both platforms,
multi-modal mobility robot platforms have been proposed
for planetary missions [3, 4]. These robot platforms are capa-
ble of changing their locomotion modalities between ground
locomotion (e.g., driving or walking) and aerial locomotion
(e.g., jumping or flying). These platforms could utilize their
ground basedmodality to safely and efficiently carry out cov-
erage tasks in safe regions, whereas the aerial modality could
be used to traverse between regions, thus ensuring complete
coverage while minimizing the use of the aerial modality
to reduce risk and energy consumption. However, despite
advances in the development and control of multi-modal
robots, planning methods remain comparatively underex-
plored.

One of the key challenges lies in generating solution paths
for multi-modal robots and determining modality transition
points while remaining computationally feasible under the
strict hardware constraints of planetary robots. Due to the
reliance on lightweight and radiation tolerant processors,
these systems face severe processing limitations [5]. To the
best of our knowledge, the approach proposed in this paper
is the first to address this challenge by enabling coverage
path planning in a multi-region planetary exploration sce-
nario with arbitrarily shaped regions while maintaining a low
computational overhead. In contrast to prior work, which
often depends on rich sensor suites, the proposed method
relies solely on Digital Elevation Map (DEM) data.

This work considers a specific class of CPP problems
where a multi-modal locomotion robot is used to cover a

target region on a planetary surface, consisting of multi-
ple disconnected safe regions and obstacles. Unlike exist-
ing earth based work, which primarily considers convex
regions [6], the proposed approach generalizes to arbitrar-
ily shaped regions, including both convex and non-convex
shapes, which may also fully contain obstacles.

This scenario is formulated as a specific use-case of the
Multi-Modal Multiple Disconnected Regions CPP (M3DR-
CPP) problem as defined in our earlier work [7]: Given
the DEM of the area and a multi-modal mobility robot as
described above, the goal is to generate a minimum length
coverage path that covers and connects all safe regions.
Obstacles can completely separate the area into multiple
disconnected regions and can only be crossed by using an
alternative locomotion modality without performing cover-
age operations.

In this work, we revisit theM3DR-CPP problem, focusing
primarily on the aspect of computational efficiency. We pro-
pose a computationally fast hierarchical approach to solve
the M3DR-CPP problem by first generating a near-optimal
coverage path within each safe region before connecting
them. The approach formulates a Traveling Salesman Prob-
lem (TSP) for each disconnected region and solves it using
a Lin-Kernighan Heuristic (LKH) based solver [8, 9]. The
individual intra-region coverage paths are then connected by
formulating and solving an additional inter-region TSP using
the same approach.

The viability of the proposed approach is highlighted with
experimental validation on randomly generated scenarios, as
well as scenarios using realistic DEM data of the Martian
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surface. These experiments are performed on a Raspberry
Pi 4B to demonstrate the low computational demands of
the method. This platform was selected due to its prior use
in space missions [10], its proposed application in plane-
tary surface operations [11], and its evaluation by NASA as
a cost-effective alternative to conventional space-qualified
systems [12]. Comparative analysis with state-of-the-art
multi-region CPP solvers further highlight the computational
efficiency of the proposed method and its robustness in han-
dling scenarios with irregularly shaped regions.

In particular, the following contributions are made in this
work:

• A novel coverage path planning method is proposed for
multimodal robots in complex planetary terrains which
generates efficient coverage paths in scenarios with mul-
tiple disconnected arbitrarily shaped regions.

• A hierarchical strategy is developed which significantly
reduces calculation times while preserving solution qual-
ity.

• Experimental studies are carried out to demonstrate
applicability in various complex scenarios and on plat-
forms with limited computational resources.

The remainder of this paper is structured as follows.
Section 2 discusses previous work in the area of CPP.
Section 3 gives a detailed description of the M3DR-CPP
problem. Section 4 describes our proposed approach and
Section 5 presents the experimental and comparison analy-
sis. Finally, Section 6 concludes the work.

2 RelatedWork

This Section reviews the existing works on the use of multi-
modal robots in space missions, followed by methods for
identifying safe and unsafe terrain. At the end, coverage path
planning techniques for both single-region and multi-region
settings are reviewed.

2.1 Multi-Modal Robots

Multi-modal robot platforms have been suggested to traverse
complex terrains in a variety of scenarios. These robots typ-
ically alternate between either driving and flying, or driving
and jumping. Ground based locomotion is generally more
energy efficient and therefore favored in scenarios with lim-
ited battery capacity, while aerial locomotion is preferred
when considering spatial constraints [13]. Planetary surface
applications generally consider a jumping robot as it does not
rely on an atmosphere. The jumping robot models proposed
for planetary missions usually take the shape of spherical
robots [4] or tensegrity robots [3, 14]. These designs offer

a strong protection against the extreme conditions on plane-
tary surfaces, as well as a high resilience against collisions,
making them strong candidates for these exploration mis-
sions. Although the range of jumping robots is significantly
shorter than that of flying robots, low gravity environments
such as the Moon allow jumping robots to cover large dis-
tances efficiently [14]. Multiple consecutive jumps can also
be used to reach a distant target position [15]. In other areas,
wheeled [16] and legged [17] jumping robots have also been
proposed.

Robot platforms that can drive and fly usually have
wheels attached to the outside of a quadcopter setup [18]
or individual rotors attached to each wheel [19]. While their
applicability is limited to planets with dense atmospheres,
their long rangemakes them strong candidates for large scale
exploration scenarios. The Ingenuity robot has also shown
that flight in comparatively thin atmospheres is feasible [20],
extending the environments in which these robots can oper-
ate.

2.2 Safe Region Detection

Whennavigatingunstructured terrains, identifying traversable
regions is essential to prevent robots from becoming immo-
bilized or damaged. DEMs are frequently employed to dis-
tinguish between safe and unsafe regions. In the Hayabusa2
mission, potential landing sites were detected by calculat-
ing the slopes of different surface elements, among other
factors [21]. Safe regions on asteroid surfaces have been
identified by fitting planes through elevation grids and com-
puting their slopes [22]. DEM data has also been used to
predict slippage and maximum traversal speeds, enabling
pre-computation of multiple viable paths to reach a target in
Mars sample return scenarios [23]. In addition, DEMs have
been used to augment local perception, for example by pro-
viding slope information to enhance camera-based semantic
segmentation [24] or by supplying absolute height data to
complement locally computed motion costs [25].

In environments where DEM data is not available,
traversable regions are typically inferred from local terrain
representations constructed using onboard sensors. Elevation
maps that encode factors such as slope, roughness and obsta-
cle proximity have been used to assign a risk factor to each
grid cell for risk-aware path planning [26]. Traversal risk has
also been quantified by computing and analyzing the normal
vectors of terrain mesh faces [27].

2.3 Coverage Path Planning

TheCPPproblemhas been explored across various scenarios,
including planetary exploration, agriculture, industry, and
environmental monitoring [1]. In the context of planetary
exploration, most existing methods adopt an online coverage
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strategy. K-means clustering has been used to partition the
area into multiple segments for each robot [28]. Each robot
then explores its own segment using a frontier-basedmethod.
The partitioning is periodically recalculated to balancework-
load and account for robot failures. Instead of creating fixed
region assignments, a shared sparse graph has been used to
collaboratively cover an area [29]. The robots choose fron-
tier nodes on the graph based on proximity and volumetric
gain. In a single robot exploration scenario, DEM data was
combined with local observations to guide the coverage [25].
A gaussian process has been used to specifically target infor-
mation rich areas during exploration to create a model of the
water distribution in a lunar crater [30]. These approaches
enable adaptive responses to environmental changes and
evolving mission objectives. However, lack of prior knowl-
edge prevents them from ensuring complete coverage and
increases the risk of encountering local extrema, leading to
coverage path overlap.

In general, existing CPP works focus on 2D scenarios
containing a single connected safe region and a limited num-
ber of obstacles. They can be classified into classical and
heuristic approaches [1]. Classic approaches, such as Bous-
trophedon coverage [31, 32] or spanning tree coverage [33,
34] use a structured pattern to systematically explore the area.
Although these approaches are computationally simple, they
generate suboptimal paths in non-convex regions. Boustro-
phedon algorithms use cellular decomposition to separate a
non-convex area into multiple convex cells that are covered
individually. As the path for each cell is generated inde-
pendently, transitions between cells are often significantly
longer than required any may exceed the region boundaries.
This problemwas partially addressed by allowing for several
entry and exit points per region and generating Boustrophe-
don paths based on the chosen entries [35]. Adding multiple
potential entry points reduces the overall path length, but
significantly increases the search space, requiring the use
of a neural network to generate the coverage path. Boustro-
phedon paths and spiral coverage paths have been proposed
for planetary exploration missions [36]. Whereas Boustro-
phedon paths are suitable for exploration using short range
sensors, spiral paths can be used in combination with long
range sensors by tracking the position of a retroreflector at the
center of the spiral. Similarly, square spiral paths have been
proposed for a multi-robot system exploring a planetary sur-
face [37]. While these approaches allow for easy localization
of the robot, spiral paths cannot easily adapt to non-convex
or cluttered regions. Spanning tree coverage adapts to non-
convex regions more efficiently, but the reliance on large grid
cells to surround the spanning tree can cause large areas of
free space to remain uncovered. Heuristic approaches use
stochastic search strategies to reduce problem complexity
and hence computation time. However, these methods do
not guarantee an optimal coverage path. Common heuris-

tic approaches include the use of genetic algorithms [38]
or neural networks [39]. Genetic algorithms have been used
in combination with Boustrophedon paths to determine the
optimal orientation of the sweep lines in 3D terrains [40].
A different heuristic was used to grow individual path seg-
ments based on slopes in a 3D environment [41]. The task of
connecting the path segments was then phrased as a TSP and
solved using a genetic algorithm. The LKH [8, 42] has also
been used to generate coverage paths by formulating the CPP
problem as a TSP [43, 44]. In benchmarks using the TSPLIB
dataset [45], the LKH found the exact optimal solution for
101 out of 104 problems with known optima, and improved
upon the best known solution in 6 out of 7 problems with-
out known optima [9]. For large-scale problems, it surpasses
other state-of-the-art solvers in accuracy while maintaining
comparable computation times [46].

CPP approaches in disconnected regions typically assume
that the region boundaries can be safely traversedwithout risk
to the robot, for example in Unmanned Aerial Vehicle (UAV)
monitoring scenarios [6, 47]. The Boustrophedon algorithm
has been used to generate a simple line-sweeping path in each
region, which are then connected using a variety of differ-
ent methods, such as simulated annealing [48], generalized
large neighbourhood search [47] or genetic algorithms [49].
By calculating multiple possible Boustrophedon paths per
region and using a heuristic solver, a near-optimal coverage
pathwas achieved [6]. The solver alternates betweenmodify-
ing the region order and updating the Boustrophedon paths to
gradually improve the path length. Similarly, coverage paths
have been generated by calculating multiple Boustrophedon
paths per region, but using a k-nearest neighbour approach to
determine the inter-region path [50]. Spanning tree coverage
has been used in combination with ant colony optimization
to cover multiple regions using a robot team [51]. Each robot
was assigned regions based on priority constraints and deter-
mined the region visit order using ant colony optimization.
Spanning tree coverage was then used to generate a path
within each region. While the above approaches are capable
of generating coverage paths in multi-region scenarios, they
all assume all regions to be convex and obstacle free.

Convex regions with obstacles have also been consid-
ered. A bat algorithm has been used to avoid obstacles that
are encountered while following a Boustrophedon path [52].
Inter-region paths were then generated using a neural net-
work. Similarly, obstacles have been avoided by flying
evasive maneuvers around or over them, however, using a
set of sensor footprint sweeps to generate the intra region
path instead [53]. Ant colony optimization was then used
to connect the regions and generate the complete coverage
path. While these approaches are capable of avoiding obsta-
cles within the region, the general shape of each region is still
expected to be convex and the obstacle avoidance maneuvers
cause a significant overlap near the obstacles.
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Non-convex regions have been included using a variety
of strategies. By calculating the convex hull of non-convex
regions, Boustrophedon paths could be calculated similarly
to the above strategies [54]. A genetic algorithm was then
used to generate inter-region paths. However, by using the
convex hull, the coverage path length significantly increased.
Moreover, it is unsuitable for planetary surface explo-
ration, as extending beyond region boundaries would require
traversing unsafe terrain. Alternatively, convex decomposi-
tion has been used to covermultiple non-convex regions [55].
3D target areas were flattened into 2D space and decompo-
sitioned into convex cells. Boustrophedon paths were then
generated for each cell and the resulting path was projected
back into 3D space to create the coverage path. However,
the connection between the convex cells may cross region
boundaries and increase the path length. A headland path
has been used to guide the generation of Boustrophedon
paths in non-convex regions [56]. This allowed the robot to
fully stay within the region boundary, but causes a signifi-
cant path overlap, as the entire region outline was covered
twice. Further, since a nearest-neighbour heuristic was used
to determine the region visit order, the inter-region path was
also significantly longer than required. A system of con-
centric rings has been used to generate a coverage path
within convex and non-convex regions [57]. Each region was
first filled with concentric boundary following rings. Self-
ordering maps were used to identify the region visiting order
and dynamic programming was used to detect the optimal
transition point between rings.While this approach is capable
of covering multiple non-convex regions without exceeding
region boundaries, it has a high computational complexity
and may perform poorly in obstacle rich environments.

Although substantial advances have beenmade in the field
of CPP, particularly for scenarios with disconnected regions,
some key challenges persist. Especially the generation of
coverage paths in complex terrains with arbitrarily shaped
regions and high obstacle density remains challenging. Addi-
tionally, the strict computational requirements of planetary
robotics are largely unaddressed, restricting the applicability
of most existing methods in these contexts.

3 ProblemDescription

We consider a multi-modal robot with ground and aerial
modalities, covering a target area on an unstructured plan-
etary surface. The robot receives a DEM of the target area
from a satellite, such as the Lunar Reconnaissance Orbiter
carrying the Lunar Orbiter Laser Altimeter [58]. The DEM
is processed as a triangular mesh with a triangle size set
such that the sensor footprint of the robot entirely covers
the triangle area from its centroid. Triangles steeper than the
user-defined slope threshold are treated as obstacles, while

those at or below the limit are treated as safe regions. Obsta-
cles and safe regions can be of arbitrary shape. Obstaclesmay
entirely disconnect safe regions from each other, as shown
in Fig. 1, and may be entirely enclosed by safe regions.

While using the ground modality, the robot can carry out
the coverage task but is restricted to moving through safe
triangles. In the aerial modality, it can fly over obstacles, but
it cannot perform the coverage task. The robot can rotate in
placewithout needing a turning radius.While using the aerial
modality, it can move between any two points on the map
without landing. Hence, straight line paths are considered
between any two waypoints.

Under these constraints, we can describe the problem as
a special case of the M3DR-CPP problem [7] as follows:

1.: Given the DEM of the target, identify safe regions
and obstacles. Discretize the safe regions into waypoints that
ensure complete coverage.

2.: Given a set of regions with waypoints, and a set of
obstacles, find a coverage path that passes through all way-
points in all safe regions exactly once while minimizing the
path length and the use of the aerial modality. The generated
path must avoid all obstacles by either driving around them
or using the aerial modality to traverse them.

4 Proposed Coverage Path PlanningMethod

The proposed method addresses the M3DR-CPP problem by
solving the two subproblems as shown in Fig. 2. To solve the
first subproblem, a triangularmesh ismodeled from theDEM
data and safe and obstacle regions are detected. For each
safe region, waypoints are generated based on the centroids
of the mesh triangles. The second subproblem is addressed
by solving multiple smaller subproblems to reduce computa-
tional complexity. First, an open loop TSP is solved for each
disconnected region and the two endpoints of the coverage
path are determined. Then, a TSP is solved using the region
endpoints of the previous step to connect all regions and gen-
erate a near-optimal coverage path. The approaches to each
subproblem are described below.

4.1 Terrain Modeling and Region Detection

The region detection progress is detailed in Algorithm 1 and
shown in the upper half of Fig. 2. To model the terrain, the
DEMof the target area is first imported as a triangulatedmesh
(line 1). By controlling the triangle size of the input mesh,
sensor footprints can be modeled. Alternatively, if sensor
footprints are not a critical factor, the Lindstrom-Turk edge
collapse strategy [59, 60] can be applied to reduce the number
of triangles below a threshold to allow faster computation.

We then adopt the obstacle and region detection strategy
fromour previouswork [7]. The angle of each triangle normal
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Fig. 2 Flowchart of the proposed algorithm. The data received from the DEM is analyzed to determine safe regions. Disconnected regions are
detected, and the centroids of each triangle are calculated as waypoints. A TSP is then solved in each region and between all regions to generate a
full coverage path

vector is compared against a slope threshold to determine
safe areas and obstacles (lines 3–9). If the calculated slope
exceeds the slope threshold, the triangle is considered as an
obstacle (line 5), otherwise it is considered as a safe triangle
(line 7). By conducting a breadth first search over all safe
triangles, disconnected safe regions are detected (line 10).
Triangles that only share a vertex are not considered to be in
the same region, as there is no safe way to transition between
them.

Finally, each safe region is discretized by calculating the
centroids of all safe triangles (lines 11–14). The centroids
serve as waypoints for the intra-region TSP, which deter-
mines the coverage path for that region.

4.2 Coverage Path Generation

After defining the regions and waypoints to be covered, the
CPP can be represented as a series of TSPs, solved in two
stages (see lower half of Fig. 2). In the first stage, each dis-
connected region is handled independently by formulating
and solving a TSP that produces its intra-region coverage
path. In the second stage, the endpoints of these intra-region
paths are treated as waypoints in a separate TSP to determine
the inter-region path. The resulting paths are then combined

to produce the complete coverage path. Since obstacles are
considered during the creation of the intra-region paths, these
segments of the coverage path can be traversed using the
ground modality. The inter-region paths cross region bound-
aries and therefore require the use of the aerial modality.

For every region, given a set of waypoints P = {p1, . . . ,
pn}, the TSP can be defined as finding a permutation T =
(pi , . . . , p j ), called a tour, that minimizes the cost function

c(T ) =
n∑

i=1

d(ti , ti+1), tn+1 ≡ t1 (1)

where d(ti , ti+1) is the distance between two subsequent
waypoints in the tour. As the tour is required to be a permu-
tation of P , it is ensured that each waypoint in P is visited
exactly once.

We use the Lin-Kernighan-Helsgaund (LKH-3) [42]
solver as an extension of the LKH [8, 9] to find a near-optimal
path. The LKH is chosen as it is widely recognized as one
of the most efficient TSP solvers, consistently finding near-
optimal solutions even for complex and large-scale problems.

The proposed approach employs the LKH-3 solver in
two steps to generate coverage paths as described in Algo-
rithm 2. After the regions have been detected (line 1), each
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Algorithm 1 RegionDetection.
Input: DEM, threshold
Output: Waypoint sets for each region P = {P1, . . . , Pn}, Obstacles

O
1: T ← tr iangulation(DEM)

2: S, O ← ∅
3: for t ∈ T do
4: if slope(t) > threshold then
5: O ← O ∪ t
6: else
7: S ← S ∪ t
8: end if
9: end for
10: R = BFS(S) � R = {R1, R2, . . . }
11: for Ri ∈ R do
12: Pi ← centroids(Ri )

13: P ← P ∪ Pi � P = {P1, P2, . . . }
14: end for
15: return P, O

Algorithm 2 GenerateCoveragePath.
Input: DEM
Output: Tour Tcomplete
1: P, O ← RegionDetection(DEM)

2: E ← ∅
3: for Pi ∈ P do
4: Pi ← Pi ∪ p0
5: Di ← CalculateDistanceMatri x(Pi , O)

6: Ti ← LK H(Pi , Di )

7: while f irst(Ti ) �= p0 do
8: Ti ← shi f t_le f t(Ti )
9: end while
10: Ti ← Ti \ {p0}
11: E ← E ∪ { f irst(Ti ), last(Ti )}
12: T ← T ∪ Ti
13: end for
14: E ← E ∪ p0
15: De ← DistanceMatri x(E,∅)

16: Constraints ← {(e1, e2), (e3, e4), . . . }
17: Te ← LK H(E, De,Constraints)
18: while f irst(Te) �= p0 do
19: Te ← shi f t_le f t(Te)
20: end while
21: Te ← Te \ {p0}
22: for c ∈ Constraints do
23: Te ← Te \ c ∪ Tc
24: end for
25: Tcomplete ← Te
26: return Tcomplete

disconnected region is treated as a separate TSP instance to
be solved (lines 3–13). As each region contains only a part of
the overall coverage path, it is not desirable for the robot to
return to the starting point of each region before proceeding to
the next one. Requiring such a return would increase the total
path length and introduce additional complexity. Moreover,
otherwise viable intra-region solutions would be discarded if
they cannot generate a valid return path. To prevent this issue,
a virtual waypoint p0 is first added to the set of waypoints of
each region (line 4) [61]. The waypoint p0 is defined with a

distance of d(p0, pi ) = 0 for all waypoints pi . This implies
that the cost to reach p0 from any other waypoint is always 0.
Thus, any edge in the solution can be substituted with a con-
nection to p0 without increasing path length. As the LKH
seeks to minimize total tour length, it typically substitutes
one of the longest edges in the tour with two zero-cost edges
connected to p0. This additional waypoint and all edges con-
nected to it will be deleted after the TSP is solved, leaving the
two waypoints that were connected to it with only a single
neighbour and creating an open TSP.

Next, the distance matrix of the region is calculated (line
5). The matrix is generated by first calculating the Euclidean
distance between every pair of waypoints in the region. For
every pair, it is then checked whether the edge between the
two waypoints would intersect with any obstacle triangle
using a divide-and-conquer approach [62]. If an intersection
is found, the edge weight is set to a fixed penalty. The penalty
must be sufficiently large to ensure that the cost of the penal-
ized edge exceeds the longest possible unpenalized path in
the region. This ensures a valid move exists, which reduces
the path length by removing the penalized edge. Since the
LKH algorithm only terminates if no such move exists, the
penalized edge cannot be part of the solution. Using this dis-
tance matrix, the LKH algorithm is now invoked (line 6),
returning the tour of the region. As the returned tour is a
closed loop with p0 at an arbitrary position, p0 needs to be
shifted to the front (lines 7–9) before it can be removed (line
10) to maintain the correct order. The two endpoints of the
region path are recorded (line 11), as they will be used to
connect all region paths.

After finding the paths for the individual regions, the end-
points of all regions need to be connected in sequence to
generate a complete path over all regions. To do so, the same
TSP approach as described above is used. We again add a
virtual waypoint p0 (line 14) that is later removed (lines 18–
21) to generate an open loop solution as our use case does
not require a direct return to the origin, but a closed loop can
easily be generated by omitting this waypoint. As the aerial
modality will be used to travel between regions, the distance
matrix is generatedwithout considering the obstacle triangles
(line 15). To generate a valid path, it needs to be ensured that
the path segment that enters a region Rk through an endpoint
pi continues to the second endpoint p j of the same region
Rk . Therefore, a constraint is added for each region, requir-
ing the edge between the two endpoints of the same region
to be included in the solution (line 16). These edges are then
removed from the solution and replaced with the intra-region
paths from the previous step (line 22–24).

To improve the performance of the method, the number of
runs the LKH-3 solver uses is modified. The LKH-3 solver
uses multiple runs with different starting configurations to
avoid local optima. However, the execution time increases
linearly with the number of runs. It is therefore beneficial to
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select the smallest number of runs that still find the opti-
mal path. It was experimentally determined that minimal
improvement was found after 3 runs in a test set of 25 ran-
domly generated maps of different sizes and therefore the
number of runs was set to 3.

5 Simulation Results

The proposed approach was validated in different simulation
scenarios to analyze computational efficiency and compare
it with state-of-the-art CPP approaches. First, the proposed
approach is evaluated on 500 randomly generated maps to
assess its adaptability and performance. Subsequently, the
approach is compared with a global TSP approach, a MILP
based solver [7] and the TSP-CPP solver [6] to demonstrate
computational efficiency and the ability to handle arbitrarily
shaped regions. Finally, the proposed approach is compared
against the other approaches on realistic scenarios generated
fromMartian DEM data to verify real world applicability, as
well as on large randomly generated maps to analyze scala-
bility.

All experiments are conducted on a Raspberry Pi 4B with
an ARM v8 @ 1.8 GHz processor and 8 GB of LPDDR4-
3200 SDRAM, except for the comparisonwith TSP-CPP and
theMILP-based solver. The code is executed on a single core
to simulate the low-spec requirements of planetary robots [5].
The proposedmethod is implemented inC++using theROS2
Jazzy framework to ensure compatibility with most modern
robot platforms. A summary of all results can be found in
Appendix A.

5.1 Scenario with Randomly GeneratedMaps

The approach is validated on 500 randomly generated maps
consisting of 25× 25 evenly spaced squares of two triangles
each, resulting in an area of 625m2.The slope of each triangle
is generated randomly based on amaximum slope constraint.
While the slope detection threshold θ̄ of our approach is set
to 15◦ in these experiments, in each trial the maximum gen-
erated slope is set to a random value between 20◦ and 45◦.
Maximum slopes below 20◦ generate close to no obstacles
while maximum slopes above 45◦ generate almost exclu-
sively obstacles.Asboth of these scenarios are trivial to solve,
they are excluded. To simulate more realistic slope profiles,
Laplacian smoothing is usedwith a random smoothing factor
between 0 and 1. These settings result in an average of 663.39
safe waypoints per map with a maximum of 1233, minimum
of 78 and standard deviation of 302.42. The average number
of disconnected regions is 49.46 with a maximum of 122, a
minimum of 1 and a standard deviation of 34.94.

The proposed method is able to find valid solutions to
all 500 trials. On average, the path length is 527.85 m with

a minimum of 140.55 m, a maximum of 775.01 m and a
standard deviation of 161.68 m. On average, 26.45% of the
total length is spent on inter-region travel and 73.55% on
intra-region travel.

Figure 3 shows a selection of solutions from this simu-
lation using our proposed method. It can be seen that this
approach finds valid solutions in a variety of unstructured
terrains. Safe regions aremarked in light gray,whereas obsta-
cles are marked in light red. Blue lines represent intra-region
paths and red lines represent inter-region paths. Figure 3a
shows the sample with the highest number of waypoints,
consisting of one large and one small region with few obsta-
cles. Figure 3b shows the sample with the highest number
of regions. The large number of obstacles separates the map
intomany small regions. Figure 3c and d both show examples
with medium-sized regions. While Fig. 3c features regions
consisting of narrow safe corridors, Fig. 3d features regions
that fully enclose obstacles.

Finding a solution in the above scenarios takes 54.16 sec-
onds on average using the Raspberry Pi. The fastest trial
finished in 0.96 seconds and the slowest in 393.53 seconds.
The standard deviation is 64.97 seconds. Except for five tri-
als, all other trials ended in four minutes or less. The five
trials with extended computing times all contain a very large
number of waypoints and features such as narrow passages
and complex obstacle placements. Given that such a map
presents many possible paths, but only a limited number of
paths that successfully avoid all obstacles, a longer execution
time is expected.

5.2 Comparative Analysis

The proposed approach was evaluated against three state-of-
the-art CPP solvers. First, it was compared against a global
TSP method, followed by a comparison with a MILP-based
solver [7] and a comparison with the TSP-CPP solver [6].

5.2.1 Comparison with Global TSP

An alternative to the proposed approach formulates the prob-
lem as a single global TSP. In this approach, all waypoints
of all disconnected regions are added to a single TSP for-
mulation with edges between any pair of waypoints. Edges
that cross through obstacles have a fixed penalty added to the
edge distance to minimize the use of the aerial modality.

To evaluate the performance of our proposed approach
compared to a global TSP formulation, the 500 randomly
generated maps described in Section 5.1 have been solved
using a global TSP. To ensure a fair comparison, only the
problem formulation was changed as described above, using
the same LKH solver and the same settings as our proposed
approach.
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Fig. 3 Samples from the
proposed algorithm run on
generated maps. Obstacles are
shaded in light red on the terrain;
grey regions are safe. Blue lines
indicate the path taken inside of
a region, while red lines indicate
the use of the aerial modality

The results of the experiment are shown in Fig. 4. On
average, the proposed approach solved a problem 40.08%
faster than global TSP with a standard deviation of 44.13%.
While the calculation time is on average significantly shorter
when using the proposed approach, it is not guaranteed that
the calculation time is always shorter. In the best case, the
calculation time was reduced by 91.63%, in the worst case
it was increased by 170.21%. A trend can be seen that indi-
cates a consistently smaller calculation time for small and
medium sized problem (Compare Fig. 5a). However, with
larger region sizes, the calculation times become increas-
ingly unpredictable, as the problem complexity can vary
strongly. Out of the 500 randomly generated maps, the pro-
posed approach achieves a shorter calculation time than the
global TSP in 412 maps.

By reducing the search space, the proposed approach can
also improve the path length compared to global TSP (Com-
pare Fig. 5b). On average, the path generated by the proposed
approach is 3.31% shorter than the path generated by global
TSPwith a standard deviation of 5.72%. In theworst case, the
path generated by the proposed approach was 4.84% longer
than the path generated by global TSP. In the best case, it was

28.82% shorter. It can be seen, that the proposed approach
yields significant improvements in small and medium sized
problems, but generates slightly worse solutions in large
sized problems. Out of the 500 randomly generated maps,
the proposed approach generates a shorter path than global
TSP in 300 maps.

5.2.2 Comparison with MILP-based Approach

To further validate theperformanceof theproposed approach,
it was compared with the two-stage Mixed-Integer Linear
Programming (MILP) approach proposed in our previous
work [7]. As the MILP approach is incompatible with the
Raspberry Pi platform, this experiment was executed on a
personal computer with an AMD Ryzen 7 PRO 7840U and
32 GB LPDDR5-6400 RAM. To ensure a manageable com-
putation time, 100 smaller maps were randomly generated,
following the specifications of the previous paper. Each gen-
eratedmap consisted of 15×15 evenly spaced squares of two
triangles each, resulting in an area of 225 m2. The maximum
slope of each map is set to a random value between 20◦ and
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Fig. 4 Calculation times
relative to path length of the
calculated solution for the
Global TSP approach (blue) and
the proposed approach (red). A
dashed regression line and
dotted 95% confidence interval
are drawn for each approach

40◦ and the smoothing factor between 0.0 and 0.7. These set-
tings result in an average of 194.46 waypoints per map with
a maximum of 369, minimum of 38 and standard deviation
of 80.80. The average number of disconnected regions was
27.50 with a maximum of 49, minimum of 2 and standard
deviation of 11.82.

To ensure a fair comparison between both approaches,
the approach proposed in this paper has been ported to MAT-
LAB, such that both approaches use the same programming
language. While the core algorithm is identical between the
MATLAB and c++ versions, calculating intersections with
obstacles is significantly more efficient in the c++ version.
To account for this, the calculation times of the c++ imple-
mentation are also mentioned below.

The path lengths generated by both approaches are almost
identical with an average of 171.65 for the MILP approach
and an average of 171.69 for the proposed approach. The
optimal solution was found by both approaches in 92 out of
100 maps. In the remaining 8 maps, the path generated by
the proposed approach was slightly longer than the optimal
MILP path, with the worst case being 1.21% longer than the
MILP path.

In terms of computation time, the MILP based approach
took an average of 36.01 seconds, with a maximum runtime
of 602.91 seconds, minimum of 1.88 seconds and standard
deviation of 83.09 seconds. The MATLAB implementation
of the proposed approach took an average of 3.93 sec-
onds, with a maximum of 12.15 seconds, minimum of 1.56

Fig. 5 Relative difference in
calculation time (a) and path
length (b) depending on the total
number of waypoints. Negative
numbers indicate the proposed
performed better than Global
TSP
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Fig. 6 Comparison between the
proposed method and the
TSP-CPP method in a scenario
with twenty convex regions

seconds and standard deviation of 2.56 seconds. The c++
implementation of the proposed approach took an average of
0.57 seconds, with a maximum of 4.72 seconds, minimum
of 0.04 seconds and standard deviation of 0.94 seconds.

5.2.3 Comparison with TSP-CPP

Four scenarios containing convex polygons and one scenario
containing arbitrarily shaped polygons are used for compari-
son with the TSP-CPP solver [6]. The TSP-CPP solver is set
to use a sensor footprint of 2×2 m. To ensure comparability,
for our proposed approach the terrains are tessellated with a
maximum triangle area of 4 m2.

Four of the scenarios described in the TSP-CPP paper [6]
are evaluated containing 2, 20, 50 and 100 convex regions,
respectively. The simulation results show that both approa-
ches are able to solve all four problems. The results of the
20 region scenario are shown in Fig. 6. The path lengths of
the proposed approach are comparable to TSP-CPP, being at
worst 1.28% longer (20 regions) and at best 2.26% shorter
(50 regions) than the path returned by TSP-CPP. It is worth
noting that the inter-path length of the proposed approach
is consistently longer than TSP-CPP for all trials, whereas
the intra-path length is consistently shorter. This can be
explained, as TSP-CPP considers the relationship between

inter and intra-region paths whereas our approach consid-
ers both problems separately. It can be seen that the region
visiting order and inter-region paths differ between the solu-
tions as TSP-CPP favors the inter-region paths at the cost of
a longer intra-region path. It should be noted that the TSP-
CPP solution often overshoots the boundaries of the regions.
These overshoots can lead to collisions with obstacles and
potential damage or loss of the robot.

To demonstrate the ability of the proposed approach to
solve scenarios containing regions of any arbitrary shape,
the approaches are compared on a scenario consisting of
both convex and non-convex regions (see Fig. 7). Regions
which fully enclose obstacles are excluded from the scenario
since the TSP-CPP framework cannot model such polygons.
However, as shown in Section 5.1, our proposed method suc-
cessfully finds solutions for these scenarios as well. It can
be seen that the TSP-CPP approach is unable to generate a
coverage path for nonconvex regions (Fig. 7a). Even when
convex decomposition is used to simplify the regions, the
solution found by TSP-CPP connects subregions by cross-
ing the polygon boundaries, resulting in an invalid path (Fig.
7b). On the other hand, our proposed approach is able to find
a valid solution for this problem without crossing the region
boundaries and only using the aerial modality to transition
between regions where it is necessary (Fig. 7c). It should

Fig. 7 Comparison between the
proposed method and the
TSP-CPP method in a scenario
with convex and non-convex
regions
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also be noted that while our approach is designed with 2.5D
scenarios in mind, all scenarios in this Section have been
constructed in 2D, as TSP-CPP is unable to process 2.5D
scenarios.

5.3 Scenarios with Martian Terrain Data

To evaluate the performance of the proposed method on real-
istic scenarios, four Martian terrain samples were collected
fromMarsTrek [63], which provides DEM data as STL files.
The resulting maps have a size of 400×400 m and generally
contain a similar amount of waypoints compared to the pre-
vious experiments. The results of this experiment are shown
in Fig. 8. Figure 8a shows a map near a Martian crater that
is solved by our approach, featuring two larger regions and a
series of smaller regions along the crater edge. The approach
can also solve valley scenarios where high slopes separate
parts of the map (Fig. 8b) and hill scenarios where only nar-
row regions of the map can be covered safely (Fig. 8c). It
can also solve highly complex scenarios containing a large
number of waypoints and regions (Fig. 8d). All evaluated
scenarios are successfully solved by the proposed approach.

The four scenarios have also been solved using the global
TSP approach and theMILP based approach for comparison.
The TSP-CPP approach was excluded from this experiment
as it is unable to solve non-convex regions. While the pro-
posed approach and the global TSP approach were running
on a Raspberry Pi 4B, the MILP based approach was run on
a personal computer due to compatibility issues as described
in Section 5.2.2. Both approaches were able to solve all four
scenarios and generated solutions with similar path lengths,
but required significantly more time to find a solution. The
paths generated by the global TSP approach are all slightly
shorter than the proposed approach with improvements rang-
ing from0.50% to 4.34%.Paths generated by theMILPbased
approach are at most 2.28% shorter than those produced by
the proposed method, with two of the four maps yielding
paths of identical length.

In terms of calculation time, the proposed approach per-
forms best, followed by the global TSP approach and finally
theMILP based approach. The proposed approach solved the
Martian scenarios 21.91% - 71.28% faster than the global
TSP approach. Despite the MILP based approach running
on more powerful hardware, the proposed approach solved

Fig. 8 Samples from the
proposed algorithm run on
MarsTrek DEM data [63].
Obstacles are shaded in light red
on the terrain, gray regions are
safe. Blue lines indicate the path
taken inside of a region, while
red lines indicate the use of the
aerial modality
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the scenarios 60.96% - 93.73% faster than the MILP based
approach.

5.4 Scenarios with Large Regions

To determine the performance of the proposed approach in
large complex scenarios, five large randommapswere gener-
ated using the same approach as described above. Each map
had a size of 60 × 60 meters, resulting in an area of 3600
m2 with an average of 4019.00 nodes and 218.20 regions.
Calculation time was limited to four hours per map.

The proposed approachwas able to solve all five scenarios
on the Raspberry Pi within an average of 24.08 minutes and
a standard deviation of 14.09 minutes. The fastest solution
was found within 137.41 seconds, and the slowest solution
was found within 37.75 minutes. One example of the large
scale maps is shown in Fig. 9.

For comparison, the same scenarios have been solved
using the global TSP approach and theMILPbased approach.
While the proposed approach and the global TSP approach
used the Raspberry Pi, the MILP based approach used a per-
sonal laptop due to compatibility issues as described above.
The TSP-CPP approach was excluded from this experiment
as it cannot solve non-convex regions.

The global TSP approach was able to solve all five scenar-
ios with similar path lengths to the proposed method. In the
worst case, the path generated by the proposed approach was
0.59% longer than the path generated by global TSP. In the
best case, the path generated by the proposed approach was
5.44% shorter. Finding a solution with the the global TSP
approach was between 3.60 and 37.87 times slower com-
pared to the proposed approach.

Fig. 9 Solution generated by the proposed approach on a large scenario
containing 4271 waypoints in 185 disconnected regions. Obstacles are
shared in light red on the terrain, gray regions are safe. Blue lines indi-
cate the use of the ground modality, while red lines indicate the use of
the aerial modality to transition between regions

Despite the stronger hardware, the MILP based approach
was only able to solve one of the five scenarios within the
given time frame. Three of the problems were terminated
after exceeding four hours of calculation time and one prob-
lem was terminated due to running out of memory. The
smallest of the five problems was solved successfully, yield-
ing a path that is 0.04% shorter than the path generated by
the proposed approach. The calculation timewas 13.59 times
slower than the proposed approach.

5.5 Complexity Analysis

The results gathered from the experiments offer insights into
the space and time complexity of the proposed approach. The
space complexity can be derived from the size of the distance
matrices,which require the largest amount ofmemory as they
need to store the distances between each pair of waypoints. In
the global TSP scenario, this results in a space complexity of
O(n2), where n is the number of waypoints, which is equiv-
alent to the worst case scenario for our proposed approach,
where all waypoints belong to a single region.However, if the
scenario consists of multiple disconnected regions, memory
usage decreases, as distances between waypoints of different
regions do not need to be calculated. In the best case, where
regions are equally sized, the space complexity therefore
reduces to O( n

2

k + k2), where n is the number of waypoints
and k is the number of regions.

Since the proposed method is heuristic, its time com-
plexity cannot be derived analytically. Hence, a qualitative
discussion is provided here for time complexity. Previous
empirical studies have established the time complexity of the
LKH algorithm for solving a global TSP asO(n2.2) [9]. The
experimental results indicate that the proposed approach on
average solves a problem significantly faster than the global
TSP approach, suggesting a lower average time complexity.
The calculation time appears to be positively correlated with
the number of waypoints and the map size, and negatively
correlated with the number of regions. However, it should
be noted that a strong interdependency exists between these
parameters, which might influence the computational com-
plexity.

6 Conclusion

This work introduced a hierarchical TSPmethod for generat-
ing coverage paths for a multi-modal robot in 2.5D planetary
exploration scenarios with multiple disconnected regions of
arbitrary shapes. After identifying safe regions and obsta-
cles from the DEM data of the target area, the approach
generates the coverage path in two steps using the LKH-3
solver. First, a TSP is formulated and solved within each
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individual disconnected region. Then, a second TSP is for-
mulated and solved to connect all sub-paths and generate the
final coverage path. Evaluation on 500 randomly generated
maps with up to 1233 waypoints and up to 122 discon-
nected regions demonstrated that the method consistently
generates coverage paths for complex scenarios with arbi-
trarily shaped regions and fully enclosed obstacles, while
maintaining low computational requirements. Running on a
Raspberry Pi 4B, the approach achieved an average compu-
tation time of 54.16 seconds, highlighting the method’s low
computational requirements and suitability for deployment
in resource-constrained planetary robotics applications. The
capabilities of the proposed approachwere also demonstrated
on realistic Martian surface data containing extreme terrain
features such as craters and valleys, as well as large maps
with up to 4344 waypoints.

Comparisonwith state-of-the-art CPP solvers further con-
firmed the efficiency andflexibility of the proposed approach.
On average, the proposed approach finds a solution 40.08%

faster than a single tier global TSP formulation and 89.93%
faster than a MILP based solver on small and medium sized
maps. On larger maps, the performance difference becomes
even more significant, with a speedup of 72.24% − 97.36%
compared to the global TSP approach. At the same time,
the path lengths generated by the proposed approach remain
comparable to those found by the other methods, varying
from 28.82% shorter to 4.84% longer. When compared to
the TSP-CPP approach, the proposed approach demonstrates
its ability to solve complex 2.5D scenarios with arbitrarily
shaped disconnected regions.

Immediate future work considers path optimization with
different routing approaches and dynamic constraints, aswell
as coverage in partially unknown environments.

Appendix A: Summary of Experimental
Results

Table 1 Overview over all experimental results. The first three rows
are aggregates over multiple samples. Values for these rows are given
as averages with standard deviation(±). The remaining rows are single
samples and contain raw results. The �Cost and �Time columns con-
tain a ratio relative to the proposed approach, and an average of ratios for

aggregate rows. (*) Calculation time cannot be compared as a different
programming language was used. (†) Only one out of five samples was
solved. (‡) Calculation times cannot be compared as a different device
was used

Scenario Nodes Regions Approach Cost (m) �Cost (%) Time (s) �Time (%)

15x15 Random 194.46 27.50 Proposed C++ 171.56 ± 49.89 0.00 0.57±0.94 -*

±80.81 ±11.82 Proposed Matlab 171.69±49.90 0.08 3.93±2.56 0.00

MILP Based 171.65±49.91 0.05 36.01±83.09 442.75

25x25 Random 663.39 49.46 Proposed 527.85±161.68 0.00 54.16±64.97 0.00

±302.42 ±34.94 Global TSP 539.22±144.57 3.82 68.06±56.87 194.95

60x60 Random 4019.00 218.20 Proposed 3389.86±432.12 0.00 1444.96±845.28 0.00

±598.10 ±92.49 Global TSP 3419.65±364.34 1.14 7983.60±1658.11 107.32

MILP Based 2617.82† 0.04† 1868.03† 1259.44†

Mars (a) 942 7 Proposed 9434.30 0.00 98.74 0.00

Global TSP 9024.71 −4.34 186.57 88.94

Mars (b) 981 20 Proposed 10368.89 0.00 70.42 0.00

Global TSP 10078.89 −2.81 147.19 109.02

Mars (c) 381 21 Proposed 5109.75 0.00 39.47 0.00

Global TSP 4922.60 −3.66 50.54 28.07

Mars (d) 696 86 Proposed 9396.28 0.00 35.72 0.00

Global TSP 9349.13 −0.50 124.34 248.12

TSP-CPP 2 27 2 Proposed 47.43 0.00 0.54 -

TSP-CPP 48.28 1.78 0.11 -‡

TSP-CPP 20 2692 20 Proposed 4462.70 0.00 25.21 -

TSP-CPP 4406.08 −1.27 0.20 -‡

TSP-CPP 50 1481 50 Proposed 2812.28 0.00 4.24 -

TSP-CPP 2877.19 2.31 0.25 -‡

TSP-CPP 100 5661 100 Proposed 9952.62 0.00 24.07 -

TSP-CPP 9846.91 −1.06 1.60 -‡
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