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Abstract:

Multi-rover systems are increasingly vital for planetary exploration due to their efficiency and
robustness. As the complexity of exploration missions increases, a key challenge is how to deploy
rovers in unknown environments for efficient coverage and monitoring. To solve this problem, this
paper proposes a distributive and online estimation framework and a correspondingly coverage
control strategy. The proposed estimation framework can estimate an unknown environment
using a probabilistic and non-parametric method, with the coverage control strategy driving
each rover to the optimal position. Finally, the performance of this estimation framework and
its coverage control strategy is verified through a large number of simulation results.
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1. INTRODUCTION

In recent years, with the increasing complexity of plane-
tary exploration missions, rovers face more stringent tech-
nical requirements in terms of size, performance, and en-
ergy consumption. The Multi-Rover System (MRS) com-
posed of multiple rovers has become the preferred solution
for planetary exploration, especially large-scale monitoring
missions, due to its strong adaptability, high processing
efficiency and robustness Dengyun et al. (2016). Cover-
age control, as a key technology to achieve efficient and
comprehensive coverage, is an important part of MRS
control. Moreover, coverage control algorithms are widely
used in various key tasks, such as target monitoring Gu
et al. (2018), terrain coverage Xu et al. (2011), positioning
services Zhang et al. (2021) and communication services
Arum et al. (2020), and have important engineering appli-
cation value. In coverage missions, MRS acts as distributed
coverage units, with target distribution represented by its
density function. The control objective is to dynamically
optimize deployment based on spatial density distribution,
enabling precise coverage and prioritized monitoring of
high-density regions.

Therefore, in order to efficiently obtain high-value infor-
mation, large-scale exploration and monitoring missions
require driving MRS to achieve optimal coverage of un-
known planetary regions. However, it should be noted that
planetary exploration often involves areas that humans
have never set foot on. In addition, due to multiple factors
such as cosmic radiation interference, extreme environ-
ment of outer space, and bandwidth limitations of long-
distance communications WANG et al. (2022); Kisantal
et al. (2020), it is difficult to obtain high-precision terrain
prior information in the mission space. This environment,
where prior information is completely unknown, poses a

significant challenge to developing coverage deployment
strategies for MRS.

Research in the field of coverage control mainly focuses on
the optimization of control strategies under known envi-
ronmental density Cortes et al. (2004); Zhong and Cassan-
dras (2011). For example, in algorithms, Yu et al. (2021)
introduced a K-means clustering dynamic coverage plan-
ner, overcoming traditional object coverage constraints. It
guides intelligent units to optimal positions via discrete
sliding mode control. For energy efficiency, Wang et al.
(2018) proposed a particle swarm optimization coverage
algorithm, enhancing coverage while lowering energy use
in sensor networks. In unknown density fields, current
approaches usually estimate the density function and then
design coverage strategy accordingly. Demetriou and Hus-
sein (2009); Carron et al. (2015). For example, Schwager
et al. (2009) developed a decentralized approach using
Gaussian basis functions to estimate weight parameters
online, enabling density estimation and optimal coverage.
Based on this, Gong et al. (2024) proposed an adap-
tive control algorithm employing Gaussian approximation
for wind field estimation and airship control. Similarly,
Popovié¢ et al. (2020) introduced a general centralized
framework for density field reconstruction and path plan-
ning.

Although important progress has been made in the cover-
age control problem under unknown density information,
traditional methods often have certain assumptions and re-
strictions on the unknown density prior or have a relatively
complex estimation process, or use centralized estimation
methods. Therefore, we propose a distributive and online
estimation framework under unknown planetary environ-
ment and a coverage strategy based on this framework.
The proposed framework can estimate the density field
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distribution trend without prior information. And the
strategy can drive the rovers to near-optimal positions. Its
estimation complexity depends only on map resolution and
can be adaptively adjusted according to practical needs
during exploration.

The core contributions of this work are:

(1) A distributive and online estimation framework,
including data collection, iterative estimation and
data fusion. It models and estimates a priori com-
pletely unknown environment in probabilistic and
non-parametric ways.

(2) A coverage strategy based on this estimation frame-
work, drives the MRS from an arbitrary initial posi-
tion to a nearly optimal coverage position.

(3) Extensive simulation results verify the effectiveness
and robustness of the proposed estimation framework
and coverage control strategy.

2. PROBLEM FORMULATION

In planetary exploration missions, considering the cover-
age and monitoring challenges for an unknown mission
space T C R? on planetary surfaces using a MRS com-
prising n rovers. The position of the i-th rover within
region T is defined as p; = (z;,y;). Coverage control in
MRS typically involves achieving complete coverage by
optimizing the spatial distribution of the rover position

set P = {p1>p27"' upn}

Classical coverage control research is usually carried out
under the premise that the target density distribution
is known a priori. A typical solution under this con-
dition is coverage control based on Voronoi segmenta-
tion,such as Schwager et al. (2009), Cortes et al. (2004).
The core idea involves partitioning the mission space T
among rovers through Voronoi segmentation, thus decom-
posing the global problem into local optimization prob-
lems in each Voronoi area. Specifically, for a convex and
bounded mission space T, the Voronoi segmentation V =
{V1,Va,---,V,} can be defined as

Vi={aeT|llg—pll < llg—p;ll,V5#i (1)

Note that the Voronoi region of i-th rover V; can be
interpreted as the set of points ¢ closest to rover p; in
mission space T'. To quantitatively evaluate the coverage
performance of the MRS over the mission space T', the
coverage cost function is defined as

c=3 / Sl =rlhota) d @

Let ||-|| represent the Euclidean distance. Define the func-
tion f(||q — pil)) = llg — pill*, f(llq — pill) € R* to charac-
terize the coverage quality loss of rover p; at position q.
Specifically, the farther away from the rover p;, the less re-
liable the measurements. ¢(¢) € R" is the density function
in mission space T (for example, the terrain distribution
or mineral resource distribution), reflecting the probability
of an event occurring at q.

Therefore, in order to obtain better coverage, we should
try to reduce coverage quality loss as much as possible. The
optimal coverage problem for region T is translated into

minimizing the cost function C' by optimizing the spatial
distribution of each rover. According to Du et al. (1999),
the standard solution to the optimization problem can be
obtained through calculations as

=2 [ (- posla)da = —2Mu (Cr -p) ()
Di Vi

where My, represents the mass of V; and Cvy, represents
its centroid. When the rover position p; = Cy,, the cost
function C' reaches its extreme value. This shows that
the optimal coverage based on Voronoi segmentation is
essentially achieved by moving the rover p; to the centroid
of its Voronoi region V/;.

However, in planetary exploration, factors such as cosmic
radiation interference make it difficult to obtain prior in-
formation about the environment. Therefore, for coverage
tasks in such scenarios, it is necessary to first establish
an estimation model for the unknown density field. So the
function C' needs to be transformed into the following form

c=3 /V lq — pil*é(q) dg (4)

where ¢(¢) € RT is the estimated distribution of the den-
sity function ¢(g). Overall, coverage and monitoring tasks
in a priori unknown environments can be transformed into
the following core problems:

Problem 1. How to implement a distributive and online
estimation ¢(g) of the density function ¢(g) in the un-
known mission space T using local measurements and
communication, and then achieve optimal monitoring of
the entire space T' by minimizing the cost function C'

3. SYSTEM FRAMEWORK

In order to achieve coverage control of the unknown den-
sity field area, we propose the whole framework including
density estimation and coverage control as shown in Fig. 1.
They are explained in detail in the next three subsections.

3.1 Region division

To estimate an unknown density field, a MRS must con-
duct multiple sampling operations within mission space
T to acquire sufficient modeling data. This requires co-
ordinated rover path planning and sampling strategies.
We propose a Voronoi-based spatial planning method to
optimize MRS deployment for assigning sampling regions.
The method guides each rover from any initial position to
its corresponding Voronoi subregion, improving sampling
efficiency while preventing collisions through constrained
operational boundaries. During deployment, the global
cost function is defined according to formula (2) as follows:

Co=3 /V o= plPdola)dg (5)

The density function ¢g(g) is set to be uniformly dis-
tributed. At this time, (3) indicates that each rover con-
verges to its Voronoi region’s centroid Cy;. In particular,
when the density function is uniformly distributed, the
centroid CYy;, degenerates into the geometric centroid, and
the Voronoi regions of each rover tend to be uniform
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Fig. 1. Overall framework. The framework mainly consists of three modules: First, mission space T is divided into
regions. Then, a probability estimation and mapping model of the unknown density field is established. Finally,
the optimal coverage control of the space T based on the weighted estimated density is achieved.

area division. Based on this, by dynamically updating the
Voronoi segmentation layout in the mission space T' and
continuously driving the rovers to converge to their respec-
tive Voronoi centroids, a balanced distribution of rovers in
the mission space can be achieved. This establishes the
foundation for subsequent density estimation.

3.2 Density mapping

To achieve efficient estimation of unknown density fields,
this subsection proposes a collaborative estimation frame-
work that combines sampling and distributed and online
Gaussian Process (GP) regression. Combined with the
sampled data set, the framework uses an online GP itera-
tion method to continuously update the model, gradually

narrowing the difference between the estimated value gi;(q)
and the true density ¢(q). At the same time, a multi-source
fusion mechanism is introduced in the iterative process
to realize data exchange and fusion between rovers, effec-
tively improving the estimation accuracy. By establishing
a quantitative index of the difference between iterations
and setting a stability criterion, when the difference con-
verges to a preset threshold, the process is judged to reach
a stable state. The specific implementation details and
theoretical derivation are detailed in Sect. 4

This method requires no prior assumptions about the
target density function, demonstrating strong adaptabil-
ity. The computational complexity for each rover depends
solely on the raster map resolution, remaining constant
regardless of iteration counts or swarm size.

3.8 Optimal coverage

After obtaining the estimated unknown density function
set through the estimation method, we use the average
density distribution of the set to construct the final es-
timated density. This processing helps reduce the uncer-
tainty of single rover estimates, thereby improving accu-
racy. Therefore, after substituting the estimated density,
we obtain the specific form of the cost function C' as shown
in equation (4).

By minimizing the cost function C, the positions P* =
{p},p5, - ,pi} of MRS are dynamically adjusted to an

balanced state that satisfies (3). At this time, rovers
reaches the centroid of each Voronoi region weighted by
the density function qg(q), thus achieving optimal coverage
of the mission space.

4. MAPPING APPROACH

In Sect. 3.2, we proposed the estimation principle of
the density field estimation framework. This section will
systematically introduce the implementation process.

While modeling target density distributions, GP is widely
used due to its probabilistic and non-parametric char-
acteristics Williams and Rasmussen (2006).The density
function ¢ : ¢(q) € RT is modeled as:¢p ~ GP(u, X),where
p is the mean function and 3 is the covariance matrix de-
termined by a kernel function. According to Williams and
Rasmussen (2006), the kernel function can be pre-trained
using historical map data to match the characteristics of
¢. In addition, we assume that observations incorporate
Gaussian noise: 2; = ¢; + &, where ¢ ~ N(0,02). For
unknown spaces, we assume a constant prior mean g~
and compute the prior covariance ¥~ using standard GP
regression Reece and Roberts (2010):

¥ = K(X*, X7)

_ 6
— K(X*, X)[K(X, X) + 021,) KX, X) T ©)
where I,, is an n X n unit matrix. Therefore, each rover
builds its own prior model using its observation data.

Iteratively updating the GP’s expectation and covariance
parameters according to the measurement data, and driv-
ing the model to gradually converge to the true value,
is the core idea of the update method proposed in the
estimate framework. Given the constant prior means g~
and the prior covariance X~ determined by (6), a prior

GP model ¢ ~ GP(pn~,X7) of unknown density fields
can be established.

During sampling, a zigzag sampling strategy is proposed
for each Voronoi region V;. First, a grid sampling point
with a resolution of a,, is generated and a zigzag path is
planned. During the iteration, the resolution is attenuated
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according to am41 = aan,, (o € (0,1)) to achieve two-
stage sampling from coarse to fine and avoid repetition.Its
specific effects are shown in Sect. 5.

For the rover p;, we assume that it obtains s indepen-
dent measurements z = {z1, 22, -+ , 25 | z; € RT} from the
Sampling pOintSX = {XlaX27 T 7XS | Xs = (3357213) € T}
during one iteration. Through the maximum a posteriori
estimation method, the prior can be fused with the likeli-
hood ¢(z) ~ N (ps,0s%) composed of these measurements
to obtain the posterior estimate. The Kalman Filter (KF)
update equation is selected as the iterative method for
posterior density estimation, and the posterior estimate

obtained can be expressed as é&Jr ~ GP(put,=1). From
Reece and Roberts (2010), The calculation formulas for
the posterior mean put and the posterior covariance 3+
are as follows

pt=p" +Ke (7)
ST=%" -KHX%" (8)

where K = X"H'S™! is the Kalman gain, which is
used to balance the weights of prediction and observation.
S = HX H' + R is the covariance deviation and
e = z — Hpu ™ represents the observation deviation. R
is a s X s diagonal matrix, representing the covariance of
the observation noise €. H is an s X n observation matrix
that maps the state values in the prior to the observation
space. Therefore, equation (7) and (8) pass the mean and
covariance in the GP model as iterative data and update
them in a loop.

In the distributed estimation process, each rover generates
{¢1a ¢27 e 7¢n} for
the unknown density. The fusion mechanism will enable
the estimated density of rover p; to fuse the estimated

results of its adjacent numbered rovers. Finally, the set of
estimated distributions of MRS to the unknown density ¢

can be obtained (2)* = {(}SL (2);’ .. 7(2)2}

During estimation, the deviation between iterations serves
as a convergence criterion during online estimation. We
employ Jensen—Shannon (JS) divergence, an improved
version of Kullback-Leibler (KL) divergence, to measure
differences between distributions:

JSD(P || @) = gKL(P || M) + LKL (Q | M)

its own estimated mapping <Ab =

9)

where M = 1(P+Q). For continuous fields, KL divergence
becomes:

KL(P||M)= /Tp(x) log @dx (10)

q()

By calculating the JSD(¢" || ¢~) between the posterior
and prior after each iteration, we can use it as a criterion
for determining whether the model is stable.

5. SIMULATION RESULTS

To validate the proposed estimation framework and cov-
erage strategy, we conduct MATLAB simulations in a
20m x 20m 2-D mission space T'. A virtual density field
is generated using a 2-D Gaussian function to simulate
target distribution. The MRS is initially deployed in a
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2m x 2m area at the lower left corner, with randomly
positioned rovers maintaining a minimum safety spacing
of 0.4m. The global map resolution is set to 0.5m. During
sampling, we set the observation error standard deviation
02 = 0.02 for the normalized density distribution. The
initial resolution a,, = 4m and its iteration parameter
a = 0.73. For the GP model, we set the constant value 0
to uniformly initialize its prior mean. We choose the classic
Radial Basis Function (RBF) as its kernel function, which
can be defined as
X - Xx*|?
K(X,X™) :U?exp(—%) (11)
where oy and [ are two hyperparameters of the kernel func-
tion. By maximizing the marginal log-likelihood method,
the hyperparameters we adopt are {oy,{} = {0.25,2.21}.

During coverage control, each rover moves with a 1m
step size. The process terminates when the MRS’s moving
distance meets convergence criteria. Next, We evaluate the
framework using the MRS consisting of 5 rovers. Define
the true density distribution function as a 2-D Gaussian
function model:

Z, = A-expl—za(z — 22)* — 2(y — 2,)°] (12)

where A represents the peak value of density distribution.
z, and zp are the attenuation coefficients in the x and y
directions respectively. (zz, z,) are the coordinates of the
hotspot center of the density distribution, corresponding
to the key area that needs to be monitored. Finally,
the parameters {4, zq, 2, 22, 2y} = {1,0.05,0.05,0,0} are
selected to generate the real density distribution, and its
spatial shape is shown in Fig. 2a.

5.1 Regional division results

At this stage, 5 rovers are randomly deployed in the
lower left starting area. Assume that the density function
in space T at this time is a constant function 1(g).
Through the minimization calculation of the cost function
C shown in (5), the optimized movement path of each
rover is generated, as shown in Fig. 2b. In this stage,
the moving distance of each rover is calculated, and the
stability threshold A,, = 0.001m is set as the convergence
criterion. When the displacement of all rovers is less than
the threshold in 4 consecutive iterations, the system is
judged to have reached a steady-state equilibrium.

5.2 FEstimation results

Each rover fixes its own Voronoi region through region di-
vision, and estimates the unknown density online through
sampling. Fig. 2c¢ shows the moving trajectory of the
rover during sampling. Fig. 3 shows each rover’s estimated
density field mapping, where jsd; denotes JS divergence
between its iterations and jsd, between its estimate and
true density. Through online updates and data fusion,
all estimates asymptotically converge to the true field.
Besides, Fig. 4a records the change process of jsd, of
each rover during the estimation process. Experimental
results demonstrate that each rover’s jsd, exhibits a rapid
initial decline followed by slower convergence. This two-
stage characteristic ensures efficient estimation while pro-
gressively improving accuracy.
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Fig. 2. (a): The demonstration of the real density function (b):The rovers move from the initial small point to the final
large point. (c): The rovers move in the direction of the arrow. Rovers 4 and 5 have just completed the first round
of sampling, while rovers 1, 2, and 3 have changed the sampling resolution «,, and started the second round.
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Fig. 3. Distributive and online estimation process. The surface represents the estimated density, with light blue area
showing the 95% confidence interval. Blue and red points indicate historical and current sampling positions.

The framework uses JS divergence within and between
rovers to determine convergence. the stable threshold
of the estimation process is selected as {jsds,jsd,} =
{0.0004, 0.00065}. Where jsd, reflects the JS divergence
difference between rovers. The model is considered con-
vergent when both JS divergence metrics remain below
their thresholds for five consecutive iterations.

5.8 Optimal coverage results

Fig. 4b shows the MRS movement process based on
Voronoi centroid coverage control after merging the es-
timated density sets. Each rover moves to the centroid of
the Voronoi region weighted by density ¢(q) under this
control. Set the stability threshold Ap; = 0.001. The
system reaches steady state when all rovers’ movement
distances are below this threshold for 4 consecutive itera-
tions. Fig. 4c compares the cost function C changes with
and without density weighting.

6. CONCLUSION

This paper proposes a coverage control method for MRS
in unknown density field planetary, including a distributed

and online density estimation and its coverage strategy.
Firstly, a virtual uniform density field is adopted to uni-
formly cover the mission space for allocating each rover
area. Secondly, based on reciprocating sampling, a dis-
tributed and online GP-regression method is used and
combined with a multi-source fusion mechanism to form
an estimated mapping of the unknown density field. The
system stability is determined by its iterative JS diver-
gence. Finally, the optimal coverage is achieved based on
the estimated density. The simulation results demonstrate
the effectiveness of the proposed framework, which has the
advantage of requiring no prior assumptions about density
and the complexity of the algorithm is only related to the
map resolution, and has high environmental adaptability.

This study did not address rover coverage or map obsta-
cles. Future work will explore coverage control with range
limitations and obstacles, as well as 3D unknown space
coverage for practical MRS applications.
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