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Abstract— This paper presents a coverage algorithm for
multi-robot systems where the robots are equipped with qualita-
tively different sensing modalities. Unlike previous approaches
to the problem of coverage for teams with heterogeneous
sensing capabilities, in this paper the robots have access to
information about their neighbors’ specific sensor modalities.
This knowledge affords the ability of ensuring that no robot is
tasked with covering features in a region without the required
sensing modalities. With this information, a robot can determine
which of its neighbors it should coordinate with to cover the
environmental features in a region while ignoring robots which
are not equipped with that particular sensory capability. We
derive a distributed control algorithm that allows the robots
to move in a direction of descent relative to a novel locational
cost, in order to minimize it. The performance of the algorithm
is evaluated on a real robotic platform.

I. INTRODUCTION

The problem of coverage for multi-robot teams deals
with the positioning of a team of robots in a domain of
interest such that the environmental features in the domain
are monitored by at least one of the robots in the team [1],
[2], [3], [4]. Many different aspects of the coverage problem
have been explored in the literature, including limitations
on the robots’ motion performance [5], [6], variations on
the environmental features present in the domain [7], or
geometric characteristics of the sensor footprint [8], [9],
among others. However, the robots are often interchangeable
in terms of the kind of features they monitor, i.e., all the
robots in the team are equipped with the same sensing
modalities, thus being able to detect the same events in the
domain, even when differences arise between the robots in
terms of performance [4], [10].

In complex environments, a multi-robot team may need
to simultaneously monitor multiple types of features (e.g.
radiation, humidity, temperature [11]), which require a mix-
ture of sensing capabilities too extensive to be designed
into a single robot [12]. As an alternative, each robot may
be equipped with a subset of those sensors as long as,
collectively, the team has all the sensor modalities needed to
monitor the collection of features in the domain. However, in
that case, the formulation of the coverage control algorithm
needs to account for the sensing capabilities of each of the
robots in the team. Past work on heterogeneous coverage
problems with qualitatively different sensors [13] has focused
on how those robots should coordinate without knowledge
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of the specific sensor modalities of the neighboring robots.
In this paper, we investigate how the performance of the
coverage algorithm can be improved through the addition of
knowledge of the sensing modalities.

In particular, we consider a team of N planar robots
equipped with a set of sensor modalities, S, each capable
of monitoring a particular environmental feature present in
the domain D ⊂ R2. Analogously to [13], given that the
importance of a region may vary depending on the feature
being tracked, we consider a family of density functions,
φj : D → [0,∞), with φj(q) representing the importance of
a point q ∈ D according to sensor j ∈ S. By allowing Robot
i to know which of its neighbors share some of its sensing
modalities, it can determine which robots it should share
responsibility with when covering each of the associated
density functions, φj , j ∈ s(i). We demonstrate that making
the information of its neighbors’ sensors available to each
robot allows the multi-robot team to ensure that no robot is
tasked with covering a region without the required sensing
modalities.

Providing each robot with information about its neigh-
bors’ sensing capabilities presents a major advantage of
this approach when compared to [13], where the domain is
partitioned into regions of dominance according to a Voronoi
tessellation [14]. Given that a Voronoi partition generated by
all the robots in the team does not take into account their
individual sensory capabilities, it is possible for a robot to
be left in charge of covering an area without the sensors to
monitor the features in it. In order to avoid leaving any region
unsurveilled, an additional term that evaluates the overall
domain performance of each robot with respect to its sensors
was added in [13]. In this paper, the information about the
sensing modalities of each robot is taken into account when
determining the regions of dominance, which are calculated
separately for each sensor type. Thus, it is ensured that the
responsibility of covering an area is only given to a robot if
it has the appropriate sensors and the evaluation of an overall
domain performance term as in [13] becomes redundant.

This paper presents a distributed control law for a multi-
robot team with heterogeneous sensing capabilities where
each robot has knowledge about the sensor capabilities of
its neighbors. The outline of the paper is as follows: In
Section II we present a new locational cost that evaluates
the performance of each robot with respect to its sensors’
density functions over generalized regions of dominance.
The derivation of the gradient to the locational cost is
shown in Section III, along with the distributed control law
that minimizes the cost. The experiments conducted on real
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(a) Regions of dominance with respect to Sensor 1.
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(b) Regions of dominance with respect to Sensor 2.

Fig. 1. Regions of dominance for four neighboring robots with respect to sensor 1, (a), and sensor 2, (b). In this example, the sensing performance in
a point q ∈ D degrades with the square of the distance to the robot: fj(dj(pi, q)) = ‖pi − q‖2, i ∈ {1, . . . , 4}, j ∈ {1, 2}. For each sensor j, the
resulting regions of dominance, V j

i , are Voronoi cells generated by those robots equipped with the sensor.

robotic platforms are included in Section IV. Section V
concludes the paper.

II. HETEROGENEOUS LOCATIONAL COST
Given a multi-robot system in charge of covering an area, a

fundamental question one can ask is what constitutes a good
spatial allocation of the robots in the team. Analogously to
other multi-robot coverage problems [1], [3], [4], [7], we
are on the quest of defining a locational cost, H(p), that
quantifies the quality of the coverage as a function of the
positions of the robots in the team.

A common strategy to evaluate the system performance
when covering a single density function, φ : D → [0,∞),
is to divide the domain D into regions of dominance,
{V1, . . . , VN}, such that Robot i is responsible for the
coverage of region Vi. Then, the quality of coverage obtained
in region Vi can be encoded through the cost

hi(pi, Vi) =

∫
Vi

f(d(pi, q))φ(q) dq, (1)

where d : D × D → R measures the distance between the
robots and the points in the domain and f : R→ R a smooth
strictly increasing function over the range of d that measures
the degradation of sensing performance with distance [4],
[14].

Analogously, in situations where robots have qualitatively
different sensing modalities, we can evaluate the quality of
coverage performed by Robot i with respect to sensor j as
the cost

hji (pi, V
j
i ) =

∫
V j
i

fj(dj(pi, q))φj(q) dq, (2)

where V j
i is the region of dominance of Robot i with respect

to sensor j, and the distance and degradation functions, dj
and fj , may be dependent on the type of sensor. Note that,
for a system where the robots are equipped with different
sensors, the region that Robot i is responsible for with respect
to sensor j, V j

i , can differ from the region to be monitored
with respect to sensor k, V k

i , j, k ∈ s(i), depending on the
sensor equipments of Robot i’s neighbors. An example of

this for a four-robot, two-sensor scenario is shown in Fig.
1, where we can observe that the regions of dominance
for Sensor 1, V 1

i , differ from those of Sensor 2, V 2
i , given

that some robots are not equipped with those sensors and,
thus, ignored when computing the corresponding regions of
dominance.

In order to calculate the cost in (2), we need to determine
what are the regions of dominance, V j

i . For sensor j and its
corresponding density, φj , a natural choice is to define the
boundaries of V j

i based on the position of those robots in
the team equipped with sensor j that are closest to Robot i
(in terms of the distance function dj). If we denote as N j

the set of robots equipped with sensor j,

N j = {i ∈ N | j ∈ s(i)}, N = {1, . . . , N},

then the region of dominance of Robot i with respect to
Sensor j ∈ s(i) can be defined as a function of the positions
of the robots according to the so-called nearest-neighbor rule
[15],

V j
i (p) = {q ∈ D | dj(pi, q) ≤ dj(pk, q),∀k ∈ N j}. (3)

The regions of dominance for Sensor j therefore correspond
to the Voronoi partition generated by the robots in N j . Note
that, if i is the only robot equipped with Sensor j, then the
robot is in charge of covering the whole domain: V j

i = D.
With the regions of dominance defined, we can calculate

the cost given by (2) for all the robots and all their sensors.
With this information, the performance of the multi-robot
team can be encoded through the heterogeneous locational
cost,

H(p) =
∑
j∈S

∑
i∈N j

∫
V j
i (p)

fj(dj(pi, q))φj(q) dq, (4)

with a lower value of the cost corresponding to a better
coverage of the domain.

The proposed heterogeneous locational cost has two sig-
nificant advantages when compared to the cost in [13]:
On the one hand, the boundaries between the regions of
dominance, ∂V j

i , i ∈ N , are defined with respect to the



same density function, φj , j ∈ S , so that the cancellations
that occur when applying Leibniz rule in the homogeneous
case [1], will also take place when calculating the gradient of
(4). On the other hand, when covering the density φj , a robot
equipped with sensor j will only relinquish the responsibility
over an area in the domain to a neighboring robot if the
latter is also equipped with sensor j and can perform a better
coverage of such area (according to the functions dj and fj).
This strategy thus ensures that no robot is ever in charge of
covering a density over an area without the corresponding
sensors and, as a result, there is no need to evaluate the
performance of a robot over the whole domain, as was done
in [13].

III. GRADIENT DESCENT

Having defined a locational cost that evaluates the quality
of the coverage performed by the multi-robot team, we need
to establish how the robots should move in the domain in
order to minimize it. A standard approach to minimize the
cost is to let each robot move in a direction of descent of
the gradient, that is,

ṗi = −γi(p)
∂H(p)T

∂pi
, i ∈ N ,

with γi(p) > 0 a gain for Robot i, which can depend on the
position of the robots.

In order to calculate the derivative of the cost with respect
to the position of Robot i, we need only consider the terms
associated with the sensor equipment of Robot i, s(i),

∂H
∂pi

=
∂

∂pi

 ∑
j∈s(i)

∑
k∈N j

∫
V j
k (p)

fj(dj(pk, q))φj(q) dq

 ,

(5)

given that the remainder terms in the first summation in (4)
do not depend on pi. Subsequently, for each sensor j ∈ s(i),
we can break down the expression in (5) in terms of the
contribution of Robot i, its Delaunay neighbors with respect
to such sensor, N j

i , and the rest of the robots in N j ,

∂H
∂pi

=
∂

∂pi

 ∑
j∈s(i)

∫
V j
i (p)

fj(dj(pi, q))φj(q) dq

 (6)

+
∂

∂pi

 ∑
j∈s(i)

∑
k∈N j

i

∫
V j
k (p)

fj(dj(pk, q))φj(q) dq

 (7)

+
∂

∂pi

 ∑
j∈s(i)

∑
k∈N j

k 6∈N j
i ∪{i}

∫
V j
k (p)

fj(dj(pk, q))φj(q) dq

 ,

(8)

where the term (8) is zero since it does not depend on pi.
Analogously to what was done in [13], we need to apply
Leibniz integral rule [16] to calculate the derivative of the
first two terms.

Lemma 1 (Leibniz Integral Rule [16]). Let Ω(p) be a region
that depends smoothly on p such that the unit outward
normal vector n(p) is uniquely defined almost everywhere
on the boundary ∂Ω(p). Let

F =

∫
Ω(p)

f(q) dq.

Then,
∂F

∂p
=

∫
∂Ω(p)

f(q)n(q)T
∂q

∂p
dq,

where
∫
∂Ω(p)

denotes the line integral over the boundary of
Ω(p).

The boundary of the region of dominance of Robot i
with respect to sensor j, ∂V j

i (p), depends on pi when a
neighboring Robot k is also equipped with sensor j, k ∈ N j

i .
In that case we can denote as ∂V j

ik(p) the boundary between
Robots i and k, with the points on that boundary satisfying
the equality condition in the nearest-neighbor rule,

∂V j
ik(p) = {q ∈ D | dj(pi, q) = dj(pk, q), k ∈ N j

i }. (9)

Using this notation, we can write the derivative of (6) as∑
j∈s(i)

∫
V j
i (p)

∂fj(dj(pi, q))

∂pi
φj(q) dq

+
∑

j∈s(i)

∑
k∈N j

i

∫
∂V j

ik(p)

fj(dj(pi, q))φj(q)n
j
ik(q)T

∂q

∂pi
dq,

(10)

where nik(q), q ∈ ∂V j
ik(p), denotes the unit outward normal

vector on the boundary between Robots i and k. Similarly,
the derivative in (7) becomes,

−
∑

j∈s(i)

∑
k∈N j

i

∫
∂V j

ik(p)

fj(dj(pk, q))φj(q)n
j
ik(q)T

∂q

∂pi
dq,

(11)
since the integrand of (7) does not depend on pi and nik(q) =
−nki(q),∀q ∈ ∂V j

ik(p).
The integral terms over the boundaries in (10) and (11)

cancel given that the points on the boundary, q ∈ ∂V j
ik(p),

satisfy the condition in (9) and therefore fj(dj(pi, q)) =
fj(dj(pk, q)). Thus, the gradient of H(p) becomes,

∂H
∂pi

=
∑

j∈s(i)

∫
V j
i (p)

∂fj(dj(pi, q))

∂pi
φj(q) dq. (12)

Letting Robot i follow a negative gradient descent estab-
lishes the following control law.

Theorem 1 (Heterogeneous Gradient Descent). Let Robot i,
with planar position pi, evolve according to the control law
ṗi = ui, where

ui = −κ
∑

j∈s(i)

∫
V j
i (p)

∂fj(dj(pi, q))

∂pi
φj(q) dq (13)

Then, as t→∞, the robots will converge to a critical point
of the heterogeneous location cost in (4) under a positive
gain κ > 0.



TABLE I
SENSOR CONFIGURATION AND DENSITY PARAMETERS FOR THE EXPERIMENTS

Experiment Team Sensors Robot Sensors Density Functions (in cm)
1 S = {1} s(i) = {1}, i ∈ N φ1(q) = G(q, [0, 0]T )

2 S = {1, 2} s(i) = {1}, i ∈ {1, . . . , 5} φ1(q) = G(q, [−50, 0]T )

s(i) = {2}, i ∈ {6, . . . , 10} φ2(q) = G(q, [50, 0]T )

3 S = {1, . . . , 10} s(i) = i, i ∈ N

φ1(q) = G([−55, 0]T ) φ2(q) = G(q, [55, 0]T )

φ3(q) = G(q, [−38, 38]T ) φ4(q) = G(q, [38,−38]T )

φ5(q) = G(q, [−38,−38]T ) φ6(q) = G(q, [38, 38]T )

φ7(q) = G(q, [−20, 0]T ) φ8(q) = G(q, [20, 0]T )

φ9(q) = G(q, [0, 40]T ) φ10(q) = G(q, [0,−40]T )

4 S = {1, . . . , 5}

s(1) = {1} s(2) = {2} φ1(q) = G(q, [−40,−40]T )

s(3) = {3} s(4) = {4} φ2(q) = G(q, [−40, 40]T )

s(5) = {5} s(6) = {1} φ3(q) = G(q, [0, 0]T )

s(7) = {2} s(8) = {3} φ4(q) = G(q, [40, 40]T )

s(9) = {4} s(10) = {5} φ5(q) = G(q, [40,−40]T )

5 S = {1, . . . , 4}

s(1) = {1, . . . , 4} s(2) = {1} φ1(q) = G(q, [0, 0]T )

s(3) = {1, 2} s(4) = {1, 3} φ2(q) = U(D)
s(5) = {1, 2, 4} s(6) = {1} φ3(q) = G(q, [−60, 0]T )

s(7) = {1, 2, 3} s(8) = {1} φ4(q) = G(q, [−0, 40]T )

s(9) = {1, 2, 4} s(10) = {1, 3} +G(q, [0,−40]T )

6 S = {1, . . . , 3}

s(1) = {1, 2, 3} s(2) = {1, 2}
s(3) = {2, 3} s(4) = {1, 3} φ1(q) = G(q, [0, 40])
s(5) = {1} s(6) = {1} φ2(q) = G(q, [−34,−20]T )

s(7) = {2} s(8) = {2} φ3(q) = G(q, [34, 20]T )

s(9) = {3} s(10) = {3}

Proof. The form of the gradient is given in (12). Consider the
locational cost H(p) > 0 as a candidate function to prove
convergence to a critical point. The total derivative of the
locational cost,

dH(p)

dt
=
∑
i∈N

∂H(p)

∂pi
ṗi = −κ

∥∥∥∥∥∂H(p)

∂p

T
∥∥∥∥∥

2

≤ 0. (14)

The total derivative in (14) is zero if ∂H(p)
/
∂p = 0, in

which case the control law becomes ṗi = 0. By LaSalle’s
invariance principle, the positions of the multi-robot system,
p will converge to the largest invariant set contained in the
set of all points such that dH/dt = 0, that is, the critical
points to the heterogeneous locational cost in (4).

Note that, when the function dj is defined as the Euclidean
distance and the degradation function, fj , takes the square
of that distance as in [1], [13], that is,

fj(dj(pi, q)) = ‖pi − q‖2, ∀i ∈ N , j ∈ S,

then the control law in Theorem 1 becomes,

ṗi = 2
∑

j∈s(i)

mj
i (c

j
i − pi), (15)

where mj
i and cji are defined as the heterogeneous mass and

center of mass of Robot i with respect to sensor j,

mj
i =

∫
V j
i (p)

φj(q) dq, cji =

∫
V j
i (p)

qφj(q) dq

mj
i

. (16)

Therefore, using the square of the Euclidean distance as
the performance measure results in a controller that makes
each robot move according to a weighted sum where each
summation term corresponds to performing a continuous-
time Lloyd descent as in [1] over the region of dominance
corresponding to each of the sensors of the robot.

IV. EXPERIMENTAL RESULTS

The proposed controller is implemented on a team of ten
GRITSBots [17], which are differential-drive robots available
at the Robotarium [18], a remotely accessible multi-robot
testbed where the code is uploaded via web interface and
the experimental data can be retrieved after the experiment
is finalized. On each iteration, the Robotarium interface
provides information about the position and orientation of
the robots in the team and allows to specify the linear and
angular velocities to be executed by the robots.

An implicit assumption behind the controller in Theorem
1 is that each robot can move according to single integrator
dynamics, ṗi = ui,∀i ∈ N . However, given that GRITS-
Bots cannot directly execute single integrator dynamics, the
control commands produced by (13) must be converted into
inputs executable by these differential drive robots, i.e.,
linear and angular velocity commands. Let pi = (xi, yi)

T

be the planar position of Robot i and θi, its orientation.
The movement of a differential-drive robot can be modeled
according to the unicycle dynamics,

ẋi = vi cos θi, ẏi = vi sin θi, θ̇i = ωi,
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Fig. 2. Evolution of the global performance cost,HG, for the proposed gradient descent algorithm in Theorem 1 and the controller without communications
in [13]. We can see how, throughout the six experiments, the cost attained by the proposed controller is consistently equal or smaller than the one attained by
the other controller. The performance difference is particularly acute in the case of Experiment 5, where the controller that does not consider communications
remains in a critical point of the cost that does not correspond to a good overall coverage of the domain.

where vi and ωi are the linear and angular velocities executed
by the robots. The single integrator dynamics in (13) can be
approximated using a model similar to the one in [1],

vi = kv[cos θi sin θi]ṗi,

ωi = kω arctan

(
[− sin(θi) cos(θi)]ṗi
[cos(θi) sin(θi)]ṗi

)
,

with kv and kω positive gains.
In order to evaluate the performance of the proposed

algorithm, we compare its performance to the descent flow
algorithm presented in [13], which does not consider com-
munications about sensor modalities. To this end, we define a
baseline cost function which captures the team’s performance
when global information is available, that is, the position and
sensor equipment of all the robots. According to the nearest-
neighbor rule [15], a point in the domain is best covered with
respect to φj when its coverage is assigned to the closest
robot equipped with sensor j, in which case the optimal
coverage of the density φj is be given by,∫

D
min
i∈Sj

fj(dj(pi, q))φj(q) dq,

with Sj the set of all robots with sensor modality j,

Sj = {i ∈ N | j ∈ s(i)}, j ∈ S.

The performance of the team with respect to all the density
functions, φj , j ∈ S, can be therefore obtained by adding
the cost pertaining to each of the sensors, i.e.,

HG =
∑
j∈S

∫
D

min
i∈Sj

fj(dj(pi, q))φj(q) dq, (17)

where G denotes the global performance of the team.
We use the cost in (17) as a baseline to compare the

control law proposed in Theorem 1 to the controller in [13].
In order to provide a fair assessment of their performance,
the distance and degradation functions assigned to all the
sensors in this section are defined as,

fj(dj(pi, q)) = ‖pi − q‖2, ∀j ∈ S, i ∈ N ,

given that the square of the Euclidean distance is the only
sensing performance measured considered in [13].

The experiment consists on six different configurations
of team sensors, S; robot sensors, s(i), i ∈ N ; and of the
corresponding densities, φj , j ∈ S . The sensing capabilities
of the robots are simulated based on the pose information
provided by the tracking system, from which the corre-
sponding sensing information is provided to each robot. The
sensor and density configurations used for each experiment
are included in Table I. Except for a uniform density, U(D),
used in Exp. 5, all the density functions are bivariate normal
distributions as used in [1], [3], where the covariance matrix,
Σ, is kept constant for all the experiments. The notation used
in Table I indicates the location of the mean,

G(q, µ) =
1

2π
√
|Σ|

exp

(
−1

2
(q − µ)T Σ−1(q − µ)

)
.

The evolution of the global performance cost for the six
experiments is shown in Fig. 2, where, for all the cases, the
critical point attained by the proposed controller corresponds
to a lower value of the performance measure in (17) with
respect to the controller without communications.

The final spatial configurations attained by both algorithms
correspond to critical points of their corresponding locational



costs. Final allocations of the team for Experiments 2, 4
and 6, run under identical initial conditions, are compared in
Fig. 3. In Experiment 2, the team is in charge of covering
two density functions, with half of the robots assigned to
each of them and no robot being in charge of both. Without
communications (Fig. 3a), most of the robots are located
close to their area of higher density, with the exception of
a pair that establish a Voronoi boundary regardless of them
not sharing any sensing capabilities. This situation is not
observed running proposed algorithm, Fig. 3b, given that
boundaries are only established among robots equipped with
the same sensors.

In Experiment 4, the team is divided in pairs to cover
five different densities. As shown in Fig. 3c, having no com-
munications about their sensing capabilities again results in
two robots establishing a boundary with a neighbor without
common sensors. Given that the gradient points each of these
robots perpendicularly to their boundary, the team settles in
this critical point. In contrast, the proposed algorithm (Fig.
3d), achieves a satisfactory spatial configuration where the
robots are located in areas of high interest according to their
sensors. In fact, the boundary of the regions of dominance
for each pair crosses the corresponding density area in
the middle, dividing the domain in two areas containing
the same mass. As for Experiment 6, several robots are
equipped with multiple sensing capabilities. In this case,
both algorithms successfully place the robots with shared
sensors in between the regions of high density, while the
robots equipped with only one sensor occupy more dedicated
positions with respect to their densities.

In general, defining the regions of dominance considering
only those neighbors equipped with common sensors con-
stitutes a major advantage of the proposed algorithm, since
the robots can overcome locations populated by robots with
which they not share coverage responsibilities in order to
reach areas of higher density with respect to their sensors,
where they coordinate with robots that also share the same
responsibilities.

V. CONCLUSIONS

In this paper, we introduced a coverage control algorithm
for multi-robot teams with heterogeneous sensing capabil-
ities where the robots have information about the sensor
modalities of their neighbors. With this information flow,
the regions of dominance of a robot were defined indepen-
dently for each of its sensors as a function of its neighbors
sensor equipments. We presented a new locational cost that
evaluates the performance of the team when covering the
different density functions over such regions of dominance
and derived a distributed gradient descent algorithm that
allows the multi-robot system to achieve a critical point of
the locational cost. The proposed gradient descent algorithm
was evaluated through a series of experiments conducted on a
team of differential-drive robots and performance compared
to another algorithm for teams with heterogeneous sensing
capabilities that does not consider communications among

the robots. The experiments suggest that incorporating com-
munications among the team members indeed improves the
quality of coverage on the heterogeneous sensing capabilities
scenario, as the proposed algorithm achieved better values of
the performance metric for a number of different density and
sensor configurations.
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(a) Without communications, Exp. 2. (b) Proposed algorithm, with communications, Exp. 2.

(c) Without communications, Exp. 4. (d) Proposed algorithm, with communications, Exp. 4.

(e) Without communications, Exp. 6. (f) Proposed algorithm, with communications, Exp. 6.

Fig. 3. Final configurations of the multi-agent team for Experiments 2, 4 and 6. Figures (a), (c) and (e) correspond to the coverage control algorithm
without communications in [13], while Figs. (b), (d) and (e) depict the final spatial allocation of the team when running the proposed algorithm, which
includes communications, for the same sensor configurations and initial conditions. The parts of the domain shaded with the different colors represent
the areas of highest density, with each color identifying a different sensing modality. Each robot has a collection of symbols located to its right, which
represents the its sensor equipment and its color coded according to the corresponding density functions.With respect to the specifications in Table I, the
colors –blue, red, green, orange, and purple – correspond to the numerical identifiers 1 to 5 in the sensor equipments.
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