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Abstract— When a sensor network is deployed in the field, it
is typically required to support multiple simultaneous missions,
which may start and finish at different times. Schemes that match
sensor resources to mission demands thus become necessary.In
this paper, we propose centralized and distributed schemesto
assign sensors to missions. We also adapt our distributed scheme
to make it energy-aware to extend network lifetime. Finally, we
show simulation results comparing these solutions. We find that
our greedy algorithm frequently performs near-optimally and
that the distributed schemes usually perform nearly as well.

I. I NTRODUCTION

In many sensor network applications, it is necessary to
support multiple missions that may arrive over time and
compete for the same sensing resources. Forisotropicsensing
devices that record ambient temperature, for example, the
information provided by a single sensor can be used to support
multiple missions given that they lie within its sensing range.
A directional oranisotropicsensor, such as camera, however,
must be directed to a certain location and hence can in general
only support a single mission. Thus,choices must be madeas
to which sensors will be assigned to which missions. Given
information about available sensors and missions, the network
must have a process to choose the “best” assignment of sensors
to missions. An intelligent sensor network should direct its
resources to the most important feasible missions, reallocating
resources appropriately as missions arrive or depart, while
taking care not to waste resources on unsuccessful missions.

In some networks, there may be a static set of long-term
missions, in which case the aspect of time may be eliminated.
In other settings, mission arrivals and departures may be
infrequent, so that for each block of time, sensor assignment
can be solved as a static problem. Even in this static setting,
our problem is computationally hard to solve optimally. Thus
we use approximation algorithms and heuristics.

A centralized approach for sensor assignment will collect
all the relevant information at a central location for decision-
making and then distribute assignments. Such an approach can
be expensive in terms of communication overhead. Another
approach is to let nodes∗ make these assignment decisions
locally, in a distributed manner, using mission information that
is disseminated into the network. While this should decrease
communication costs, a centralized algorithm may be able to
guarantee better solution.

In this paper, we consider the problem of assigning direc-
tional sensors to missions in wireless sensor networks. We
consider both centralized and distributed approaches to solving

∗In this paper we use the termssensorandnode interchangeably.

the dynamic problem. The distributed method we propose
is a novel multi-round proposal scheme, which we adapt to
work in the dynamic setting. We also provide an energy-aware
extension to the distributed scheme to extend network lifetime.

Our simulations show that in spite of the provable worst-
case difficulty, efficient schemes can perform near-optimally.
Furthermore, distributed schemes are often competitive with
the centralized greedy algorithm, especially in networks with
high node density.

II. RELATED WORK

There has been some work in defining frameworks for
sensor-mission assignment problems. For example, [2] defines
a framework for the assignment problem in which the goal to
maximize the utility while staying under a predefined budget.
However, the authors do not consider the case of competing
missions. The general problem of sensor selection to achieve
an objective has also received sizable attention lately. For
example, in [5], [7] the authors solve the coverage problem,
which is a related problem, using the least number of sensors
to conserve energy. Another related problem is to efficiently
locate and track targets such as the works in [8] and [3].
The problem we consider here is different from previous work
since it considers multiple missions with different priorities.
These missions contend for the same set of sensors which calls
for resolution mechanisms.

The Semi-Matching with Demands (SMD) problem for
sensor-mission assignment was recently introduced in [1].The
original SMD problem is less general than the problem we
consider here in two ways. First, it uses a stricter profit model
with no credit for partial mission satisfaction. Second, itis
defined only for a static set of missions, rather than for a
dynamic environment, which is our focus here.

III. N ETWORK AND PROBLEM MODELS

We begin this section by discussing our network model and
then formally defining our sensor-mission assignment problem
which is a generalization of the SMD problem [1]. We then
extend our problem model from the static setting to a dynamic
setting in which missions appear and disappear over time.

A. Network Model

In our network model, we assume a set of static sensors
pre-deployed in a field. Missions can arrive and depart over
time. By a mission, we mean a primitive sensing task that
requires information, which may be contributed by one or
more deployed sensors. Each mission is defined by a spe-
cific geographic location. An example of a mission is video



monitoring an area of interest. General missions that cover
large areas, such as perimeter monitoring, can be divided into
multiple missions each having its own location. The deployed
sensors are directional in nature and hence each of them can
be assigned to a single mission (i.e. directed to one location).

B. Problem Model

The problem instance is modeled as a weighted bipartite
graph, whose vertices consist of a set of sensors{Si}i and a
set of missions{Mj}j. A positively weighted edge(Si, Mj)
means that sensorSi is applicable to missionMj . The weight
of the edge(eij) indicates the utility or quality of information
that Si will contribute to Mj if this assignment is chosen.
Each missionMj is associated with a positive demand value
dj and a positive profit valuepj. The demand indicates the
total utility the mission desires, which may be contributed
by one or more sensors. Profit for missionMj indicates
the importance of the mission and is awarded based on the
percentage of satisfied demand, but only if this percentage
reaches a satisfaction thresholdT . pj is the maximum profit
receivable for missionMj. Note that there need not be any
relation between a mission’s demand and profit. To simplify
the problem we assume that the utility amounts received by
a mission are additive. That is the total utility received bya
mission is equal to the sum of the utilities provided by sensors
assigned to it. While this may be realistic in some settings,in
others it is not; for our purpose of comparing the different
algorithms this assumption is sufficient.

What is sought is asemi-matchingof sensors to missions,
so that (ideally) each mission’s demand is fully satisfied. That
is, a sensor may be assigned to at most one of the missions to
which it is applicable, but a mission may accept utility from
multiple sensors. Of course, fully satisfying all missionsmay
not be feasible; the goal in general is to maximize total profits.
We call this problemThreshold SMD. The problem instance
and goal are formally defined as follows:

Instance: A global thresholdT ∈ [0, 1] and a weighted
bipartite graphG = (S, M, P, D, E), whereS = {S1, ..., Sn}
is a collection of sensors andM = {M1, ..., Mm} is a
collection of missions; each missionMj is associated with
a profit{pj} and a demand{di}; each edge inS ×M has an
edge-weighteij indicating utility.

Goal: Find a semi-matchingF ⊆ S × M (no two chosen
edges share the samesensor), in which

∑

j pj(uj) is maxi-
mized, whereuj is the total utility received by missionMj

divided by demanddj . The profit functions are defined as
follows:

pj(uj) =











pj , if uj ≥ 1

pj · uj, if T ≤ uj < 1

0, if uj < T

This problem may be formulated as a mathematical pro-
gram. The program below employs two sets of decision
variables:xij indicating whether sensorSi is assigned to
missionMj , anduj indicating missionMj ’s satisfaction level
(uj =

∑n
i=1

xijeij/dj).

Maximize:
∑

j pj(uj)
Such that:

∑n
i=1

xijeij ≥ djuj , for each missionMj ,
∑m

j=1
xij ≤ 1, for each sensorSi,

xij ∈ {0, 1} ∀xij anduj ∈ [0, 1] ∀uj

The threshold-based problem generalizes both all-or-nothing
profits (with T=1) and fully fractional profits (withT=0).
When T=1, profit pj is received only for fully satisfying
missionMj . In this case, the program reduces to an Integer
Program (IP) with mission satisfaction leveluj ∈ {0, 1},
which is the strict SMD problem of [1].

The corresponding Linear Program (LP), in which all vari-
able constraints are relaxed from{0, 1} to [0, 1] and T is
relaxed to 0, allows for fractional profits to be awarded for
partial satisfactionand for sensors to be fractionally assigned
to multiple missions. This fully fractional version can be
solved optimally by LP. Such anoptimal fractionalsolution
(see Section VI) provides an upper bound on the true optimal
solution value. With a non-zero threshold value, however, the
objective function is neither continuous nor concave, and so
standard LP techniques do not apply.

TreatingT as part of the problem instance therefore means
that this formulation can only be harder than the original
strict version (which was shown to be NP-Complete in [1]).
Intuitively, lowering the threshold should make the problem
easier. However, we prove in [6] that the problem is NP-
Complete even with threshold 0.

C. Dynamic Problem Model

We now provide an orthogonal generalization of the original
problem in terms of time. The problem statement is the same,
except that now each mission is associated with a start time
and an end time. A mission’s demand and maximum profit are
constant over time. Awarded profit for a mission is computed
at each discrete timestep, based on the satisfaction level at
that instant. Total profit for a mission is simply the sum of
the instantaneous profits. We do not require that a mission’s
demand be met over its entire lifetime in order to receive profit.
So, our profit model is in this sense fractionalin terms of time.
The dynamic version is thus given by essentially the same
mathematical program given above except that each variable
now has an additional time index.

As a generalization of the static problem, previous hardness
results apply to the dynamic version. Indeed, a natural strategy
for this version is to solve the static problem at each timestep.

IV. CENTRALIZED SOLUTION

In this section we present agreedycentralized algorithms
to solve the sensor-mission assignment problem. In such a
scheme all the matching decisions are made in the base station
(which is a special control node in the network) that has
complete knowledge of all missions and sensors. To do this,
the base station needs first to inform all nodes in the network
about the missions, their demands and profits. Then, each
sensor that is within sensing range of at least one mission
will send back a message with a list of missions it can
support and its potential contribution value to each of them.



After that, the base station runs the assignment algorithm
and sends assignment instructions to the appropriate sensors.
The dynamic problem is treated as a series of static problem
instances in which case the algorithm will find a sensor
assignment every time a mission arrives or departs.

The greedy algorithm repeatedly satisfies the mostcurrently
profitable mission, i.e. the mission that can be satisfied with
the greatest profit, using currently available sensors. IfS′ ⊂ S
is the set of not-yet-assigned sensors (initiallyS′ = S) and
uj =

∑

Si∈S′ eij/dj , then the profit currently achievable by
missionMj is pj(uj). Of course, it may be that not all sensors
are needed to achieve this profit; conversely, if the demand
threshold is not met, this profit is 0. The algorithm repeatedly
selects missionMj with maximum current profitability, and
satisfies it with available sensors in order of decreasing utility
valueeij , until eitherMj is fully satisfied or all sensors with
non-zero offers toMj have been used. Used sensors are then
removed fromS′. When there are no remaining missions with
non-zero current profitability, the algorithm completes.

When T = 1, this algorithm produces the same result as
the simpler greedy algorithm of [1]. We prove (in [6]) that our
greedy algorithm has the same∆-approximation performance
guarantee.∆ is the maximum mission degree, which is the
maximum number of sensors that make a non-zero offer to
any mission.

For geographic settings with limited sensing range, we also
extend (in [6]) the approximation scheme (PTAS) of [1] to
the threshold problem. Although it is theoretically efficient,
we found in our experiments that achieving performance com-
petitive with the greedy algorithm’s requires an unreasonable
computation time, and so we omit the results here.

V. D ISTRIBUTED SOLUTIONS

Although centralized schemes may provide better solutions
to the matching problem due to their global view of the field,
they can have high communication cost. Because a centralized
scheme requires information about all nodes in the network
such as their locations and utilities to the different missions,
the number of messages required to be sent to the base
station can be very large, especially in dense networks. This
communication cost becomes even higher once we consider a
dynamic system in which missions arrive and depart at dif-
ferent points in time, requiring the base station to continually
gather information about nodes.

To avoid this cost, we consider distributed schemes. In such
an approach, amission leaderis selected for each mission.
This should be a node that is close to the mission’s location
(geographic-based routing techniques such as [4] can be used
to do this). The leaders are informed about the missions’
demands and profits by the base station. Then they run a
local process to match nearby sensors to the missions. Since
the sensors have limited sensing range, only nearby nodes are
considered. In this section, we consider a multi-round proposal
scheme for the static setting, which we then adapt to dynamic
cases. We also propose an energy-aware extension which helps
in prolonging network lifetime.

A. Multi-Round Proposal Scheme (MRPS)

In this scheme, each mission leader advertises its mission
information (location, demand and profit) to nearby nodes (e.g.
neighbors within two hops). When a nearby sensor hears such
an advertisement message for one or more missions, it sends a
single proposal to the mission it perceives to be the best match.
The ranking of missions is based on the mission profit and
the fraction of the mission demand that the sensor can satisfy.
Using the notation of Section III, sensorSi ranks missionMj

according toBij = eijpj/dj. The leader, on the other hand,
selects proposing sensors greedily based on their contribution.
If the leader does not select a proposing sensor, in the next
round the sensor proposes to the next mission on its list. The
scheme consists of a series of proposal-reply rounds. The more
rounds allowed, the better the matching may be. However, as
the number of rounds increases, the communication cost grows
and we may obtain diminishing returns.

Since our aim is to achieve the highest profit fromsuccessful
missions, we use a mechanism to prevent missions that will
never be fully successful from holding up sensors that could
help other missions. In each round, mission leaders assess the
satisfaction level of their missions. If it is not greater than
an increasing threshold value (α(k) for round k) then the
mission is deemed unattainable and the sensors are released.
This threshold is initialized to a fixed value and incremented
each round. After a sufficient number of rounds, it will reach
the global thresholdT , the preset threshold value for success,
at which time all missions that are not yet successful release
their sensors. The rising threshold yields two benefits: (1)
it increases the chance that the most satisfied missions will
become fully satisfied and (2) it prevents sensors from wasting
their energy on unsuccessful missions receiving no profit.

B. Dynamic Proposal Scheme (DPS)

MRPS is designed for static cases in which many competing
missions are dealt with simultaneously. By handling missions
as they arrive, in dynamic settings, however, we may expect
to have less competition for sensing resources. So, we opt for
a lighter-weight scheme that does not require multiple rounds.
We call this scheme theDynamic Proposal Scheme(DPS).

As in MRPS, each mission has a leader which advertises
mission information to nearby nodes, when the mission arrives.
A sensor that hears this announcement can be in one of two
states: (1)not assigned, in which case it proposes to the
mission with its utility or (2)assigned to a mission, in which
case the sensor calculates its effective profit for both missions
(the Bij value above) and chooses either to stay with the
current mission or to propose to the new mission, depending
on which value is higher.

After the mission leader collects the proposals, it tries
first to satisfy the mission with sensors in thenot assigned
state by greedily picking sensors with highest utility. If these
do not suffice, it maypreempt other missions bystealing
sensors in theassignedstate from other ongoing missions.
If satisfaction thresholdT is achieved, then the mission leader
sends assignment messages to the respective sensors which



start collecting information to support the mission. Otherwise,
no assignments are made. If a selected sensor preempts an
existing mission, the procedure below is followed.

Suppose a new mission,Mj with leaderLj, started in an
area close to an ongoing mission,Mk with leaderLk. If a
sensorSi currently assigned to someMk decides that it will
generate greater profit by contributing toMj, it notifies Lk

of its intention.Lk then tries to find one or more sensors to
replaceSi. If no such node(s) are found, the leader will agree
on the reassignment as long as its current satisfaction level
does not drop belowT , which would cause the mission to
fail. In this case, the reassignment is temporarily denied.If
the new missionMj will fail without Si, then a second test
is performed. IfMj ’s current profit (withSi) is greater than
Mk’s, the leader ofMk will release its hold onSi and agree
to the reassignment even if it will cause its own mission to
fail. The reassignment becomes final onceSi is selected by
Mj . Only at that time are the replacement sensor(s) activated.
To reduce both the interruption of ongoing missions and the
communication overhead, no cascading preemption is allowed.
That is, if missionMj preempts missionMk, Mk will try to
satisfy its demand only with available sensors rather than by
stealing sensors from a third mission.

When a mission ends, the leader sends out a message to
announce that the mission has ended and all its assigned
sensors are released. Because the system is dynamic, missions
that have not reached their success threshold or are not fully
satisfied after the first assignment process will retry to obtain
more sensors if they think that there will be more available.
This can happen when a nearby mission terminates and has its
sensors released. This information can be obtained either from
the base station or by overhearing the message announcing the
end of a mission.

C. Energy-aware Dynamic Proposal (EDPS)

A drawback of DPS is that it does not consider the remain-
ing energy in sensors when making assignment decisions. It
selects a sensor based only on the provided utility. As such,
it is possible for one sensor’s energy to be depleted while
other, even nearby sensors retain high energy levels. By taking
remaining energy levels into consideration when assigning
sensors, we may extend the time during which live sensors
remain in diverse locations in the field and thereby increase
total profits. With this observation, we extend DPS to make it
energy-aware and call it theEnergy-aware Dynamic Proposal
Scheme(EDPS).

Instead of using the sensor’s provided utility alone to make
the assignment decision, EDPS uses a function of utilityU and
fraction of remaining energyE. We definef(U, E) = U ·Eβ,
whereβ is a design parameter that controls the influence of
remaining energy. Ifβ is zero, EDPS reduces to DPS.

In order to consume energy more evenly among nodes, after
the initial assignment, possible sensor candidates for a mission
periodically update the leader with their current energy levels.
The leader then checks how evenly these sensors’ energy is
being consumed. At that time, the leader may choose to change

the assignments of nodes by reapplying the decision function
f . These periodic updates increase the communication over-
head, but as will be shown in Section VI, the increase is not
very large. As may be expected, this scheme works better in
a dense sensor network, in which there are typically many
choices available to the mission leader.

VI. PERFORMANCEEVALUATION

To evaluate our algorithms we built a simulator in Java and
tested them using randomly generated problem instances. We
perform two sets of experiments to compare the performance
of the centralized greedy scheme and the distributed schemes.
The first test is for the the static setting, in which the all
missions take place simultaneously. The second test is for the
dynamic setting, in which missions arrive and depart over time.
For the dynamic case, we also demonstrate how EDPS can be
used to extend network lifetime.

A. Assumptions

Each mission has a demand, an abstract value of the
amount of sensing resources it requires, which is exponentially
distributed with an average of 2 and a maximum of 6. Also
associated with each mission is a profit value, which measures
its importance. The profit is also exponentially distributed, but
with an average of 1. This simulates common scenarios in
which many missions demand few sensing resources and a
smaller number demand more resources. The same applies
to profit. The profit obtained from a successful missionMj

is equal topj(uj) as defined in Section III. We consider a
mission successful if it receives at least 50% of its demanded
utility from allocated sensors (i.e.T = 0.5). Each sensor can
only be assigned to a single mission.

The utility that sensorSi provides to missionMj is defined
as a function of the distanceDij between them. Many types
sensors exhibit some kind of quality deterioration or signal
attenuation based on distance. In our experiments, we choose
a simple function of distance as a representative example. In
order to evaluate their utilities to missions, we assume that
all sensors know their geographical locations. Formally, the
potential utility contribution is:

eij =

{

1

1+D2

ij
/c,

if Dij ≤ SR

0, otherwise

whereSR = 30m is the global sensing range. This models
a typical signal attenuation which depends on the distance
squared. We setc = 60 to dampen this effect.

Nodes are deployed in uniformly random locations in a
400m×400m field (the base station is located in the center of
the left edge). Missions also are created in uniformly random
locations in the field. The communication range of nodes is set
to 40m. When nodes are deployed we ensure that the network
is connected. If a randomly created instance is not connected,
it is discarded by the simulator.

Finally, we assume perfect communication channels with
no errors or collisions. Hence, each message is sent only once
and its delivery is guaranteed. All messages have the same
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Fig. 3. Trace of network performance (λ = 6 missions/hr)

size and hence only the number is considered when studying
the communication overhead. For messages that travel over
multiple hops, each hop counts as a single message in the
total. When a broadcast message (e.g. mission advertisements
by mission leaders or base station) is sent, it is received by
all one-hop neighboring nodes and so we count it as one. All
routing decisions are made based on a pre-configured routing
table that follows the shortest path to destination.

B. Static Scenarios

Setup: In this experiment all missions occur simultaneously,
with the same start and end times. We fix the number of nodes
in the field to 500 and vary the number of missions from 10
to 100. In the following results we show the average of 10
runs for achieved profits and number of exchanged messages.

For the distributed approach, we show results for MRPS
with one round, three rounds and six rounds. These results
illustrate the trade-off between solution quality and commu-
nication overhead. The growing thresholdα for a mission to
release nodes in MRPS is set to 10% in the first round and is
increased by 10% for each subsequent round until it reaches
T , or 50%. Advertisement messages are sent from mission
leaders to all nodes within two hops.

As an upper-bound we include the profit results for the
optimal fractional solution, described in Section III. This is the
optimal solution for the relaxed fractional problem in which
sensors may divide their utility between multiple missionsand
all fractional profits are counted, regardless of whether the
success threshold is not reached. Our algorithms’ performance
may be judged in comparison to this upper bound. We have
also used brute force to find the optimal sensor assignments
for several configurations. The difference between optimaland
the centralized greedy scheme was between 0 and 1.2%.

Results: Figure 1 shows the fraction of the maximum
mission profits achieved by the different schemes compared to
the optimal fractional profits. The maximum profit is the sum
of all missions profits. Note that when we create missions we
do not guarantee that all of them can be satisfied by available
sensors, i.e. some missions, due to network configuration,
might not be satisfiable even if all available sensors are
assigned to them.

The greedy centralized solution performs best followed, by
the 6-round proposal. However, its advantage lessens as the
density of the nodes increases. For same-sized fields with

1000 nodes deployed (not shown in the figures), all the curves
except the one-round proposal are nearly aligned. This is
expected since there are more sensors that can be assigned
to the different missions. We note that the improvement in
MRPS when going from a single round to 3 rounds is very
pronounced. However, the improvement gained when jumping
to 6 rounds is less apparent and may not justify the necessary
communications overhead.

Figure 2 shows the communication overhead of the different
schemes. As expected, the centralized scheme has the highest
overhead. With MRPS, more messages are exchanged as the
number of rounds increases. To study this effect, we fixed the
number of nodes to 500 and varied the number of allowable
rounds from 1 to 10. Not surprisingly, the achieved profits
initially increase with the number of rounds. Beyond 8 rounds,
however, the further increase is very small since in this setting
most achievable missions have by then reached the success
threshold. We also found that the communication overhead
increases linearly with the number of rounds, as expected.

From the above results, we conclude that the distributed
schemes perform well. The difference in achieved profits
between centralized and distributed schemes was less than 8%.
At the same time, it saved as much as 50% of the messages.

C. Dynamic Scenarios

Setup: We test the performance of our distributed proposal
scheme (DPS) in the dynamic setting (missions arrive and
depart over time). The aforementioned assumptions apply here.
Moreover, we assume that missions arrive according to a
Poisson process. The mission lifetimes are selected according
to an exponential distribution with an average lifetime of
one hour and a maximum of four hours. The exponential
distribution is heavy-tailed, which models realistic scenarios
in which there are many short-lived missions and few long-
lived ones. Although a centralized scheme is impractical in
dynamic scenarios due to high communication cost, we include
its results as a performance comparison. We rerun both the
centralized scheme and the relaxed LP, on the current instance,
upon each mission arrival or departure.

Results:We compare the performance of DPS to the greedy
centralized scheme and the optimal fractional solution. Figure
3 shows a trace of the achieved network profits during a period
of 12 hours with an arrival rate ofλ = 6 missions/hour, and
a network of 500 nodes. We start recording the trace after 10
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hours. As can be seen, the performance of DPS is very close
to that of the centralized scheme.

Figures 4 and 5 show the average performance over a period
of 50 hours (averaged over 10 runs) for a network with 500
nodes and 1000 nodes. Figure 4 shows the average achieved
profits per unit of time (fraction of maximum) as the mission
arrival rate varies. We see that both the centralized and DPS
perform almost equally. As expected, a network with more
nodes achieves higher profits. The communication overhead
of DPS is shown in Figure 5. The number of messages
grows linearly as the number of missions increases. We omit
message count for the centralized scheme as this value will
necessarily be much larger than DPS’s. This is because for
each mission arrival and departure, the base station needs to
collect information from all nodes that can contribute to the
arriving mission to get status updates. The average number of
messages exchanged per mission is around 40 for 500 nodes
and 80 for 1000 nodes. This includes all the messages needed
to advertise the mission and make all the assignment decisions.

Figure 6 shows the results for EDPS in network of 500
nodes and 1000 nodes (averaged over 10 runs). The mission
arrival rate is set to 6 missions/hour. All nodes start with
energy to support 10 hours of continuous sensing (we only
consider energy consumed for sensing). Sensor reassignment
is performed every 20 minutes to balance energy consump-
tion. Choosing a smaller period may yield a more uniform
assignment but would increase communication overhead.

We define the network lifetime as the time until the first
node dies. Figure 6 shows the lifetime of the network for
different values of the energy influence parameterβ. Recall
that whenβ = 0, EDPS becomes DPS. The results show that
when EDPS is used, network lifetime increases by 50% and
70%, for networks with 500 and 1000 nodes, respectively. The
increase is notable whenβ goes from 0 to 1, i.e when we start
taking energy into account. Beyond that point, the increasein
lifetime is less pronounced. The denser the network, the more
options the assignment scheme has in preventing node death,
and hence the longer network is achievable.

The total achieved profits, which recall is the sum of
profits in every timesteps over the network lifetime, also
increases with lifetime increases (results omitted). The denser
the network, the greater proportional increase in profits can be
achieved by this method. Finally, due to periodic updates, the

communication overhead does increase when EDPS is used.
We see an average increase of around 50% for both network
sizes. Although the percentage increase may seem high, the
actual numbers of exchanged messages per mission (around 60
for 500 nodes and 120 for 1000 nodes) are relatively small.

VII. C ONCLUSION

In this paper, we proposed a more general formulation of
the problem of assigning sensors to missions and presented
several solutions to solve it. We showed that it is strongly
NP-Complete. As such, we turned to approximation algorithms
and heuristics. We considered a greedy centralized algorithm
and several distributed schemes, which we also adapted to
the dynamic setting. Our simulation results demonstrate that
under realistic conditions the greedy algorithm performs near-
optimally and the distributed schemes perform almost as well.
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