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Abstract— This paper considers dynamic coverage control
of unicycle multi-agent systems under power constraints. The
agents under consideration implement a visually based patrol
protocol. They observe their environment via forward-facing
conical anisotropic sensing regions. A local coverage control
strategy is presented that allows for the cooperative search
of a domain while maintaining collision avoidance guarantees
using a novel control method based on the coverage level.
Additionally, a novel energy-aware global coverage technique
is introduced that restricts the operating range of power-
constrained agents while shifting the network redistribution
effort onto less constrained agents. The results of several
scenarios are presented in simulation to illustrate the efficacy
of these algorithms.

I. INTRODUCTION

Coverage control, when applied to distributed mobile
sensing networks, has been a very active research area
in the past several years, partially due to its wide range
of applicability. Single agent systems (e.g., autonomous
vacuum cleaners and lawn mowers) have already become
commonplace in domestic settings. However, the advent of
full autonomy in multi-agent networks will rapidly enhance
systems dedicated to search and rescue operations, military
escort and surveillance, and the exploration of remote or
inaccessible regions, both terrestrial and extraterrestrial.

At the high level, coverage control can be categorized as
either static or dynamic in nature. When arranging a network,
the primary concern of static coverage is to determine the
optimal placement of sensors according to some meaningful
criterion. Computing the Voronoi partitioning of the domain,
and placing each agent in the centroid of a Voronoi cell, has
been a widely studied method on sensor placement [1]–[5].
Although some centroidal Voronoi problems involve mobile
sensors [6], they are closer in spirit to static coverage, as
the agents are still chasing an optimal configuration. The
problem of dynamic coverage has been traditionally defined
as controlling a group of sensing agents such that each
point in a domain is observed up to some satisfactory level
of coverage [7]–[12]. Persistent coverage problems are a
subset of dynamic coverage and include information decay
within the environment. Such problems necessitate periodic
observations of discrete points in the domain [13], [14].
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Agents in sensor networks employing either method of
coverage are typically subject to power constraints, e.g.,
limited battery life. Therefore, maximizing the operational
lifetime of a network is akin to designing energy efficient
control techniques. Most of the literature concerning energy
efficient coverage has been directed towards the static cov-
erage problem [15].

Static networks (such as for battlefield area surveillance)
are often assembled ad-hoc in a more or less random manner
resulting in coverage overlaps within the domain [16]. Vari-
ous techniques have been proposed to mitigate the negative
effects of random static deployment with energy-efficient al-
gorithms. One early technique, called node scheduling, uses
sensing overlaps to divide the available agents into mutually
exclusive sets that are subjected to sleep cycles [17], [18].
Additional work focused on sensor range reduction between
overlapping sets [19], [20].

This paper considers energy-efficient dynamic coverage,
which is a somewhat less explored field. Previous authors
have studied reducing energy expenditure under limited
mobility [21], and random-walk motion [22]. In contrast
to earlier work, this paper presents a novel energy aware
waypoint selection cost function that expands upon previous
local coverage algorithms presented in [23]. This cost func-
tion allows for individual agents, whose power constraints
are higher than others, to maintain a smaller operating
range in the terminal coverage phase. This essentially shifts
much of the effort associated with network redistribution
onto less restricted agents. Additionally, a novel collision
avoidance method is presented that offers a more efficient
alternative to that of [23] by removing the necessity for
an explicit switched avoidance mode, while still making
collision avoidance guarantees.

The paper is organized as follows: Section II presents
the motion and sensing models under consideration, and
summarizes the local coverage control strategy presented in
[23]. Section III describes the energy-aware decision making
process used to redistribute the agents when the coverage rate
has significantly diminished. Section IV modifies the local
coverage strategy of [23] to guarantee collision avoidance
in local coverage mode. Section V presents a series of
simulations and summarizes the results.



II. MODELING AND LOCAL COVERAGE CONTROL

We consider a group of mobile agents indexed by i ∈
{1, . . . , N} whose motion is subject to unicycle kinematics:ẋiẏi

θ̇i

 =

cos θi 0
sin θi 0

0 1

[ui
ωi

]
, (1)

where pi = [xi yi]
T and θi represent each agent’s position

and orientation with respect to a global Cartestian coordinate
frame G, qi =

[
pi
T θi

]T
is the state vector, and ui and ωi

are the linear and angular velocities of each agent in a body-
fixed frame Bi such that positive ui is along the body-fixed
xBi

axis. The agents are tasked to actively explore and cover
some domain D ⊂ R2.

We assume that each agent is a circular disk of radius ri
and is equipped with a single forward-facing onboard camera
capable of detecting objects that lie within some angle, 2αi >
0, and some range, Ri > 0, in the forward-looking direction.
This model of the sensing footprint Si is realized as a circular
sector, see Fig. 1. The sensing information produced by the

Fig. 1. The sensing footprint Si for agent i.

camera is anisotropic in nature; that is, it tends to degrade
in quality towards the periphery and along the depth of the
image. In order to produce a realistic analytical expression
for the sensing quality degradation, we define [23]:

c1i = Ri
2 − (x̃− xi)2 − (ỹ − yi)2, (2a)

c2i = αi − φi, (2b)
c3i = αi + φi, (2c)

where p̃ = [x̃ ỹ]
T is the vector of position coordinates of

a point in the sensing footprint Si, φi = atan2
(
ỹ − yi, x̃−

xi
)
− θi represents the bearing angle of each point p̃ with

respect to the agent’s xBi
axis. The geometry is sketched in

Fig. 1. The function c1i degrades quadratically to zero along
the image depth, and the values of c2i and c3i approach zero
towards the periphery. Equations (2a), (2b), and (2c) may be
assembled into the following barrier function:

Bi =
1

max{0, c1i}
+

1

max{0, c2i}
+

1

max{0, c3i}
,

which tends to +∞ as any one of the functions (2) ap-
proaches zero. Let us denote, max{0, cki} = Cki, k ∈
{1, 2, 3}. Taking the inverse of Bi will produce the following

analytical expression for the sensing quality level at each
point p̃ in Si:

Si(qi, p̃) =
1

Bi
=

C1i C2i C3i

C2i C3i + C1i C3i + C1i C2i
, (3)

which has strictly positive values within Si, degrades towards
the boundary ∂Si of Si (Fig. 2), and is defined as zero for

Fig. 2. The sensing model Si(qi, p̃) (3) for agent i. The lighter, yellow
regions indicate higher quality of sensing.

all points in D outside of Si. As agent i moves about D,
the accumulation of sensing data with heterogeneous quality
over every point p̃ can be represented by the integral in time
of Si(qi, p̃):

Qi(t, p̃) =

∫ t

0

Si (qi(τ), p̃) dτ, (4)

which will ultimately be a function of the agent’s position
and orientation trajectories, pi(τ) and θi(τ) ∈ [0, t]. We
define (4) as the coverage level of agent i.

The local coverage control laws will be derived under the
assumption that a central network is capable of periodically
updating agent i’s coverage level with that of the other N−1
agents. Thus the global coverage level may be defined as:

Q(t, p̃) =

N∑
i=1

Qi(t, p̃). (5)

Remark 1: Qi(t, p̃) may be substituted for Q(t, p̃) in the
local coverage control laws during temporary periods of
communication loss with the central network.

Let us introduce some additional notation that will be
useful in the sequel. Define h(w) = (max{0, w})3 with first
derivative h′ = dh

dw = 3(max{0, w})2 and second derivative
h′′ = d2h

dw2 = 6(max{0, w}). Define the local coverage error
for i as:

ei(t) =

∫
Di(t)

h
(
C? −Qi(t, p̃)

)
dp̃, (6)

where Di(t) is the subdomain of D that contains all points
p̃ in Si at time t. It is proposed in [23] that the follow-
ing negative scalar function be utilized as a Lyapunov-like



function:

êi(t) = −
∫
Di

h′ (C? −Qi(t, p̃))
(
S∗ − Si

(
qi(t), p̃

))
dp̃, (7)

where S∗ > max Si, and it was shown that the convergence
of this function to zero implies that the local coverage error
is also reduced to zero. Note that this function is equivalent
to replacing Qi(t, p̃) with Q(t, p̃) and integrating over the
entire D as Si(qi(t), p̃)) is defined as zero outside of Si.
Following the results of [23], we adopt the local coverage
control strategy:

ui
cov = kcovu ai1(t), (8a)

ωi
cov = kcovω ai2(t), (8b)

where:

ai0(t) =

∫
D

h′′ (C? −Q(t, p̃))
(
Si
(
qi(t), p̃

))2
dp̃, (9a)

ai1(t) =

∫
D

h′ (C? −Q(t, p̃))
(

∂Si
∂xi

cos θi(t)+
∂Si
∂yi

sin θi(t)
)
dp̃,

(9b)

ai2(t) =

∫
D

h′ (C? −Q(t, p̃))
∂Si
∂θi

dp̃. (9c)

Remark 2: If for all points p̃ ∈ Si, it holds that Q(t, p̃) ≥
C∗, then ui = ωi = 0. Local coverage control for agent i is
terminated.

This strategy guarantees convergence of the local coverage
error to zero; however, it does not do so for the global
coverage error, defined as:

E(t) =

∫
D(t)

h
(
C? −Q(t, p̃)

)
dp̃. (10)

Thus the local coverage strategy is augmented with the
energy-aware redistribution law presented in III.

III. ENERGY-AWARE DECISION MAKING

The purpose of this section is to develop a methodology
whereby individual agents, whose power constraints are
higher than others, may conserve energy while still benefiting
the network. The following solution is applicable to the
process of waypoint selection, which occurs with increasing
frequency as D approaches full coverage. We refer to the
terminal phase as the period in which a significantly larger
portion of time is spent on spatial redistribution of the
agents rather than local coverage. Agents begin to continually
redistribute themselves in D to ”pick up” small patches of
the map that were missed on the first pass. In simulation,
this occurs when the coverage error has dropped below ap-
proximately 20% of the initial value. At this point the agents
spend substantially more time in global coverage mode. Our
solution essentially aims to taper this redistribution effort
in the power constrained agents while shifting some of the
effort over to less restricted agents.

During the terminal coverage phase, the natural motion
of the local coverage strategy will drive agents to a state in
which a subspace of D in the immediate vicinity of the agent
has been covered up to the satisfactory level C?. This will
terminate local coverage control as stated in Remark 2.

Once the agents become isolated in a fully covered sub-
space, they would be unable to redirect themselves towards
the uncovered portions of D under (8a)–(8b) without an
additional mode of operation. One solution is to redistribute
the agents when the absolute rate of change of the global
coverage error drops below some predefined threshold. Let
us define the absolute rate of change of the global coverage
error as:

ε =

∣∣∣∣E(t)− E(t−∆t)

∆t

∣∣∣∣ , (11)

where ∆t is chosen to have some arbitrary small size.
Redistribution of agents will occur when when:

ε < ε?, (12)

where ε? is the predefined threshold. In simulation, instan-
taneous drops in the coverage rate were sometimes observed
for a single time step. Choosing ∆t an order of magnitude
larger than the discrete time step can thus avoid persistent,
unnecessary agent redirects.

The agents are redistributed by selecting waypoints.
Hence, it is important to consider the current coverage level
within a distance Ri of any point that the agent may be
redirected to. In general, we would like to pick waypoints
that maximize the anticipated local coverage error after the
agents have been redirected. In real-time implementation, it
would be too computationally intensive to consider every
possible position and orientation within D; rather, this paper
proposes that D be divided into an n×n grid of subdomains
Dj ∈ j = {1, ..., n∗n}. Each cell Dj should be of dimension√

2Ri×
√

2Ri, and the possible waypoints Wj placed at the
centroid of each Dj . This grid size is the largest to guarantee
that any discrete point in the domain can lie within Si while
pi is co-located with a member of Wj . Maximizing the grid
size allows for the waypoint selection process to consider
the largest subspace visible to the sensing footprint, Si, at
any chosen destination. The grid is illustrated via an example
scenario in Fig.3.

We define the following function to encode the anticipated
local coverage error:

Ĉj(tgc) =

∫
Dj

min{C?, Q(tgc, p̃)}dp̃+

δ

(
C?ADi

−
∫
Dj

min{C?, Q(tgc, p̃)}dp̃

)
, (13)

where ADi = 2R2
i is the area of each Dj and tgc is

the time at which (12) was satisfied. The first line of
(13) represents the spatially integrated coverage level of
each subdomain Di. Equation (13) is defined as ∞ if the
coverage level reaches at least C? on every point in Dj .
This omits fully covered subdomains from the selection



Fig. 3. Agent at position pi is directed to W6. Si depicted in red.

process. This is accomplished with the argument of the
dirac delta function in (13) (the deviation of the spatially
integrated subdomain coveage level from the desired full
level C?ADi

). Additionally, the arguments of the minimum
functions prevent subdomains which contain discrete points
covered well beyond C? from being rendered ineligible for
selection. Without the minimum functions, it is conceivable
that a few discrete points with gross coverage levels could
be integrated to produce a value of C?ADi

despite much of
the subdomain remaining uncovered.

Energy awareness may be encoded by taking into consid-
eration the relative distances of Wj from the agent. Define
the actuation accumulation function:

Γi(tgc) =

∫ tgc

0

γi1|ui(τ)|+ γi2|ωi(τ)|dτ, (14)

which represents the net accumulated actuator effort since
deployment. γi1 > 0, and γi2 > 0 are cost weights that can
be assigned based upon a particular system’s rate of energy
usage. (13) and (14) can be combined into the overall cost
definition:

j̃ = arg min
j

(
(Λi0 + Γi(tgc)) ‖pi −Wj‖+ Λi1Ĉj

)
,

(15a)
p?,i = Wj̃ , (15b)

where the chosen waypoint, p?,i, for agent i is assigned to be
the centroid of the subdomain indexed by j̃, that minimizes
the cost function (15a). Λi0 and Λi1 are cost weights.

The cost function utilizes a static weight, Λi0, and a dy-
namic weight, Γi(tgc), to penalize the selection of waypoints
that are spatially distant from the agent’s current position.
Γi(tgc) grows in time as a function of agent i’s actuation
effort. This cost is weighted against the relative coverage
level of the subdomain. Although this work is intended to
convey strictly general formulations, one potential method
for selecting Λi0 would be to define it as the inverse of
the remaining battery capacity (e.g, agent i deployed with
50% battery life will be assigned Λi0 = 2). This guarantees
that Λi0 approaches ∞ as the charge level upon deployment
approaches 0. In this limit, agent i would be forced to choose
only the closest subdomain containing some points covered

less than C?. This offers energy conserving flexibility to
scenarios in which a multi-agent sensing network may be
deployed with short notice and disparate battery charge
levels.

As γi1 and γi2 affect the rate at which (14) grows, these
terms may be increased for those agents that deplete their
batteries at a faster rate. To an order of magnitude, one should
scale these gains to the predicted inverse of

∫ tgc
0
|ui(τ)|dτ

and
∫ tgc
0
|ωi(τ)|dτ , respectively. For fine tuning, it is the

relative ratio of the gains between the agents in a network
that affects the actuation load distribution in the terminal
coverage phase. Thus a general approach would be to scale
the gains between agents based upon the relative operational
life (e.g., agent i has a nominal battery life of 10 minutes
and is assigned values of γi1 and γi2 twice that of an agent
with a nominal battery life of 20 minutes). The affect of (14)
in (15a) is that agents with the longest operational life and
the smallest history of actuation effort will endure the bulk
of the network redistribution load thus extending network
lifetime.

Upon selecting the waypoint, the agent must determine
the optimal orientation to assume at the destination. This
orientation will be the one for which Si is exposed to the least
covered subspace of D. This can be expressed as finding the
value of θi that maximizes the argument of this non-concave
problem:

θ?,i = arg max
θ

∫
D

h′ (C? −Q(tgc, p̃))
(
Si
(
q?,i, p̃

))
dp̃

 ,

(16)

where q?,i =
[
p?,i

T θ?,i
]T

. This choice of θ?,i ensures a
sustained period of local coverage at the destination. After
selecting q?,i and utilizing a low level controller to achieve
this state (e.g., from [24]), the agents will then switch control
back over to (20a)–(20b). This process will be repeated if and
when ε < ε?.

IV. COLLISION AVOIDANCE

Collision avoidance may be encoded directly into the local
coverage control laws (8a) and (8b) by making a slight
modification to (9b), and (9c). Consider the scenario in which
agent i is on a collision course with agent j. Define the
minimum safe distance of i from j as Rs,ij = Ri + ri + rj .
Here, the assumption is made that agent i is capable of
determining pj if ‖pi − pj‖ ≤ Rs,ij . For each agent, we
define:

Q̂ij(t, p̃) =

{
M(pj , p̃), if ‖pi − pj‖ ≤ Rs,ij ,

0, otherwise,
(17)

where:

M(pj , p̃) =

{
C?, if p̃ ∈ B̄Rs,ij

(pj),
0, otherwise,

(18)

and B̄Rs,ij (pj) is the closed ball of radius Rs,ij centered at
pj . Q̂ij(t, p̃) will modify the global coverage considered by



agent i as follows:

Q̂i(t, p̃) = Q(t, p̃) +

N∑
j=1

Q̂ij(t, p̃) (19)

Replacing the global coverage level of (9b) and (9c) with
(19) yields the modified coverage control law:

ûi
cov = kcovu âi1(t), (20a)

ω̂i
cov = kcovω âi2(t), (20b)

where:

âi1(t) =

∫
D

h′
(
C? − Q̂i(t, p̃)

) (
∂Si
∂xi

cos θi(t)+
∂Si
∂yi

sin θi(t)
)
dp̃,

(21a)

âi2(t) =

∫
D

h′
(
C? − Q̂i(t, p̃)

) ∂Si
∂θi

dp̃ (21b)

and (20a)–(20b) is the modified local coverage control law.
Theorem 1: If i and j are both under control law (20a)–

(20b), i and j may not collide.
Proof: To guarantee collision avoidance, we look to the

moment of impact. Note that collision occurs if ‖pi−pj‖ <
(ri + rj). Recall that Si(qi, p̃) is zero for all points in
D outside of Si and along ∂Si. Therefore, (21a)–(21b)
may be equivalently integrated over Si rather than D. As
‖pi − pj‖ approaches (ri + rj), M(pj , p̃) takes a value
of C∗, ∀p̃ ∈ Si and Q̂i(t, p̃) ≥ C∗, ∀p̃ ∈ Si. Thus
lim‖pi−pj‖→(ri+rj) âi1(t) = lim‖pi−pj‖→(ri+rj) âi2(t) = 0.
ûi
cov and ω̂icov decay to zero as the boundaries of the agents

come into contact. Agent i is rendered incapable of motion
in this limit. In a similar manner, it may be demonstrated
that agent j cannot collide with agent i. This concludes the
proof.
Assuming that the region of D that borders ∂B̄Rs,ij

(pj) has
not reached the satisfactory coverage level, the natural mo-
tion of the agents would typically prevent a deadlock between
i and j as any partition of Si extending outside of B̄Rs,ij (pj)
will essentially act to pull i away from B̄Rs,ij

(pj). This can
be illustrated by examining (21b) in which the argument of
the integral takes value zero inside B̄Rs,ij

(pj). Consider the
case where an infinitesimal positive rotation of the agent
would further extend the region of Si outside of B̄Rs,ij (pj)
(Fig. 4). Si(qi, p̃) will now take positive values at points,
p̃, outside of B̄Rs,ij

(pj) where it had previously been zero.
This will nominally increase the number of points in space
for which the argument of (21b) is greater than zero resulting
in a positive value for âi2(t). This motion will be reinforced
via control law (20b). The inverse argument holds as well for
a negative rotation and this logic may be extended similarly
to linear velocity in (21a)-(20a).

V. SIMULATIONS

The collision avoidance and energy aware controllers were
tested in a series of four simulations. Each considered a team
of N=3 agents which were dispatched to cover an unexplored,
100 x 100 unit domain until the global coverage error, E(t),

Fig. 4. Agent i is within B̄Rs,ij
(pj) (indicated in yellow) in (a). A

positive rotation (b) increases the region for which the argument of (21b)
is nonzero.

had been reduced to less than 5% of the initial value. It is
assumed that agent 1 is the least power constrained agent,
while agents 2 and 3 have incrementally greater constraints.
Therefore, we aim to verify through simulation that a portion
of the redistribution effort of 2 and 3 may be shifted onto
1. In all of the trials, values of C∗ = 0.5, Ri = 10, and
Λi1 = 6.25, ∀i ∈ {1, 2, 3} were chosen. The chosen kcovu =
kcovω = 3 resulted in each agent initially following a relatively
linear path at a slow and steady rate all while periodically
rotating Si from left to right. This allowed for a coverage
level of at least C? to be achieved at the majority of points
within Ri of the linear path. In all trials, agent i used the
same cost weights for linear and angular velocity, γi1 = γi2.
Thus, in this section this cost weight will be referred to as
γi.

Λi0 and γi were varied between trials and individual agents
and these values are presented in Table I. Figs. 5,7,9,11
present the normalized actuation effort of each agent over
time in each trial respectively. This energy usage metric
is very similar to (14). However, it differs in that this
metric equally weights ui(τ) and ωi(τ) and the trends of
Figs. 5,7,9,11 are normalized to the highest actuation effort
across any trial. Figs. 6,8,10, 12 display the locations of the
individual agents in D when E(t) has been reduced to 50%,
20%, 10%, and 5% of the initial value.

TABLE I
SIMULATION PARAMETERS BY TRIAL

Trial Λ10 Λ20 Λ30 γ1 γ2 γ3

Control 1 1 1 0 0 0
1 1 1 1 2× 10−5 1× 10−4 2× 10−4

2 1 5 10 0 0 0
3 1 5 10 2× 10−5 1× 10−4 2× 10−4

The purpose of the control trial was to establish a baseline
scenario in which the cost weight of proximity to waypoint in
(15a) was equal across all agents and time invariant; that is,
Γi(tgc) = 0 and Λi0 is constant across all agents. This effect
is clear in Fig. 5. All three trends are relatively linear, and the
final values of normalized actuation effort are 0.84, 0.85, and
0.95 respectively for agent i ∈ {1, 2, 3}. Fig. 6 demonstrates
that all three agents continue to redistribute themselves freely



throughout the entire domain during the terminal coverage
phase. This substantial increase in the proportion of time
allocated to global coverage may be evidenced Fig. 5 by
noting the frequent linear pieces of the i = 1 trend present
at t > 100 sec. These are associated with the agent driving
at a constant rate between waypoints.

Fig. 5. γi = 0 and Λi0 = 1, ∀i ∈ {1, 2, 3}. Arrows indicate linear
portions of the i = 1 trend associated with driving between waypoints.

Fig. 6. γi = 0 and Λi0 = 1, ∀i ∈ {1, 2, 3}

The purpose of trial one was to demonstrate the efficacy of
the Γi(tgc) term in (15a). The trends present in Fig. 7 indicate
that incrementing Γi(tgc) between agents while maintaining
a constant Λi0 does appear to successfully alleviate some
of the coverage effort for select agents. The final values
of normalized actuation effort are 0.93, 0.73, and 0.84
respectively for agent i ∈ {1, 2, 3}. One may note that
agent 3, which had the largest γi, still exerted a greater
effort than agent 2. This can be explained by noting that the
energy consumption rate in local coverage mode is highly
dependent upon the initial conditions of deployment. The
first 50 seconds, which are the same across all trials, are more
energy intensive for agent 3 than agents 1 or 2. Considering

that (15a) does not become active until after t = 50 sec, it
seems that the values for γ2 and γ3 have a relatively similar
impact on the slope of their respective trends. Incrementing
between γ1 and γ2 produces a profound result, while further
incrementation provides diminishing returns as the agents
have already begun to select marginally uncovered waypoints
in the immediate vicinity. One may note in Fig. 8 that agents
2 and 3 are more restricted within the domain during the
terminal phase than in the control trial.

Fig. 7. γ1 = 2×10−5, γ2 = 1×10−4, γ3 = 2×10−4 while Λi0 = 1,
∀i ∈ {1, 2, 3}

Fig. 8. γ1 = 2×10−5, γ2 = 1×10−4, γ3 = 2×10−4 while Λi0 = 1,
∀i ∈ {1, 2, 3}

In trial two, γi = 0 for all agents as it was in the
control trial. The value of Λi0 was incremented for each
agent. This significantly reduced the redistribution effort for
agents 2 and 3 as evidenced in Fig. 9. The final values of
normalized actuation effort in this trial are 0.99, 0.74 and
0.72 respectively for agent i ∈ {1, 2, 3}. This trial is notable
in that after having been directed by (15a) to the upper right
quadrant of the domain, agents 2 and 3 essentially remained



restricted to this region for the rest of the simulation while
agent 1 took up the extra effort of exploring the rest of the
domain. This restriction occurred when the coverage error
had dropped to 20% and is presented in Fig. 10. Trial two
differs from trial one in that agent 2 and agent 3 are range
limited in waypoint selection significantly sooner due to the
static cost weights. This results in more rapid attenuation of
energy expenditure in agents 2 and 3 and places significantly
more pressure on the less restricted agent 1. The use of a
dynamic weight allows for an increased range of waypoints
early on with reduction in range only occurring later when
power resources have become more limited.

Fig. 9. γi = 0, ∀i ∈ {1, 2, 3} while Λ10 = 1, Λ20 = 5, and Λ30 = 10.

Fig. 10. γi = 0, ∀i ∈ {1, 2, 3} while Λ10 = 1, Λ20 = 5, and Λ30 = 10

Trial three, which combines the test parameters from trials
one and two and is presented in Figs. 11 and 12, shows
similar results and has final values of normalized actuation
effort 1.00, 0.77, and 0.68 respectively for agent i ∈ {1, 2, 3}.
This trial is notable in that it has the strongest effect for
reducing the energy consumption of agent 3 and increasing
the energy consumption of agent 1.

Fig. 11. γ1 = 2×10−5, γ2 = 1×10−4, γ3 = 2×10−4 while Λ10 = 1,
Λ20 = 5, and Λ30 = 10

Fig. 12. γ1 = 2×10−5, γ2 = 1×10−4, γ3 = 2×10−4 while Λ10 = 1,
Λ20 = 5, and Λ30 = 10

Control laws (20a) and (20b) were observed to prevent
collisions for several encounters in the simulation. One such
encounter is presented in Fig. 14. Inter-agent distances during
the local coverage protocol is presented in Fig. 13. Note that
the separation distance is never less than Ri.

VI. CONCLUSIONS

This paper presented a novel means to consider individual
agent energy consumption in the waypoint selection process
for multi-agent dynamic coverage networks. Placing large
static weights, Λi0, on individual agents significantly reduces
the acceptable range of waypoints considered from any
current location. This tends to place chosen agents in a
significantly reduced capacity during the terminal phase of a
coverage protocol. The use of dynamic weights Γi(tgc) has a
similar effect but allows for a slower transition into reduced
activity that puts less additional strain on any unrestricted
agents. Using Γi(tgc) over static weights also allows for a



Fig. 13. The inter-agent distance during the local coverage protocol is
lower bounded by Ri.

greater range in waypoint selection early on in the coverage
protocol when resources are less limited. The algorithms
presented in this paper will be adapted to 3-D quadrotor
kinematics in future work. The sensing model may be
rotated about its center-line to produce a spherical sector
of anisotropic quality. One may define (7) in terms of the
new sensing model and differentiation produces 3-D control
laws similar to those of (8a) and (8b).

Fig. 14. S1 (indicated in red) and S3 (indicated in black) come into close
proximity in (a)-(b) while attempting to cover unobserved region (indicated
in blue). Agent 3 is rendered temporarily immobile while agent 1 rotates
clockwise to avoid agent 3 in (c)-(d).
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