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Abstract
Clustering protocols effectively utilize network resources for maximizing the lifetime of a mobile
wireless sensor network. However, most of these protocols do not address the sensing coverage efficiency. Recently developed protocols, like LEACH-VF and K-LEACH-VF, take advantage of node
mobility to combine sensor placement with clustering protocols to achieve the goal of jointly optimizing the network lifetime and coverage. However, these protocols work only on the cluster level
and take no consideration of the network, as a whole. This results in a degradation of the performance
due to possible inter-cluster overlaps. In this work, we propose LEACH-SP, a novel clustering protocol based on submodular optimization algorithms that produce approximate solutions with theoretical
optimality guarantees of the network lifetime and coverage. This is combined with avoiding the intercluster overlaps. Such a feature was not attained in previous literature. The simulation results show
that, with LEACH-SP, the nodes are required to move shorter distances compared to LEACH-VF and
K-LEACH-VF. In addition, LEACH-SP improves the total covered area and the network lifetime.
Keywords: WSN, Coverage, Energy, Clustering, Submodular, Optimization

1

Introduction

A wireless sensor network (WSN) is a network of a large number of tiny embedded sensors connected
through a wireless medium [1]. Typically, WSNs consist of tens to hundreds of sensor nodes deployed in
some area to achieve certain goals. These nodes are inexpensive low-power devices that can operate for
a long time without being recharged. Also, a WSN has a central node, called the base station (BS), that
collects the data and manages the network. Sensor nodes have modest processing and storage capabilities compared to conventional computers and microcontrollers. On the other hand, BSs are often more
powerful nodes connected to a larger network such as the Internet [2]- [3], and can be used to carry out
heavy computations.
WSNs problems are very challenging due to several limitations related to the sensor nodes and the
associated applications. Some of these limitations are the available energy, communication range, sensing range, and processing capabilities [1]. The power constraint is the most critical issue in designing a
WSN because sensor nodes have a fixed amount of energy stored in a battery and, in most cases, these
batteries cannot be replaced or recharged [4]. Thus, it is essential to design energy-efficient routing and
clustering protocols to avoid a network partition problem [5], where part of the network dies because of
low energy (typically nodes closest to BS), and other parts still have a high level of energy.
Another important issue in WSN design is the placement problem [6–12], which addresses the deployment of sensor nodes in suitable locations in the field such the network performance is optimized.
One example of sensor placement is to choose a set of locations, such that the communication energy
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between the sensor nodes placed in these locations and the BS is minimized. Furthermore, when available, nodes must be relocated using their locomotive abilities to fix the coverage hole problems and to
place sensor nodes in positions that optimize the network energy consumption [13]. Another example of
sensor placement is the point coverage problem [14–17], in which the goal is to cover a set of points of
interest that constitute the network area or a predetermined subset of it. These points can take different
forms such as a grid that approximates the deployment area or the set of most informative points in the
plane.
This paper introduces LEACH-SP, a novel WSN protocol that incorporates a submodular placement
optimization technique into the LEACH clustering protocol [18]. Submodular placement is an algorithm
for the sensor placement problem that is based on theoretically guaranteed submodular optimization
algorithms. Sumbodularity was employed in several research projects to optimize certain objectives,
such as the dynamic node activation schedule in solar-powered WSN [19], state estimation in linear
dynamical systems via Kalman filtering [20], and sensor selection for maximizing the utility of data
collected within deadline constraints [21].
In this work, we model the problem as a placement optimization problem for which we are given
deployment area A, a set of sensor nodes S deployed in A at positions P, and a network performance
evaluation function (utility function) F. The task at hand is to relocate the sensor nodes S to new positions
P’ such that F is maximized. In constructing the utility function, we take into consideration that the sensor
nodes’ coverage areas should not overlap and that they should be as close as possible to the CH and/or
the BS. The goal is to choose the most suitable points for placing the sensor nodes such that the highest
coverage and lowest energy requirements are achieved. Unlike other clustering-placement protocols in
the literature that only optimize the placement on the cluster level, LEACH-SP optimizes coverage on
both the intra-cluster and inter-cluster levels in order to enhance both coverage and energy efficiency.
The paper is organized as follows: Section 2 provides an overview of two clustering protocols, the
placement and submodular optimization techniques, and a discussion of the point coverage problem,
an instance of which is our placement problem. Section 3 discusses the proposed clustering-placement
protocol. The results and discussion are presented in Section 4. The paper is concluded in Section 5.

2

Background

Clustering protocols aim at minimizing the energy consumption in WSN. LEACH [18] is considered as
one of the most popular clustering protocols. It extends the network lifetime by reducing and balancing
the energy consumption among the network nodes. Due to its simplicity, a large number of clustering
protocols were designed based on it. When combined with placement algorithms, these protocols give
better performance results. In this section, we give an overview of two recent clustering protocols and
then discuss the foundation theory of placement optimization.

2.1

LEACH-VF and K-LEACH-VF

Although LEACH notably improves the energy consumption in WSN, it suffers from several problems.
For example, the cluster head (CH) election is not aware of sensing coverage: in some cases, losing one
node can yield a coverage hole in some location while other locations are redundantly covered. Another
major problem not addressed in the LEACH protocol is the coverage of an area of interest.
Because of the frequent change of CHs, failures of sensor nodes due to loss of power, random deployment, or other network changes, the WSN experiences intra-cluster and inter-cluster problems that
cause both inefficient coverage and wasteful energy consumption.
To illustrate the intra-cluster problems, consider a typical LEACH-like cluster example; as shown
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in Figure 1. The larger circle represents the sensing range and the smaller circles represent the sensor
nodes. The CH is the node with the dark center and the BS is located at the top right. Figure 1 shows
four coverage deficiencies at the cluster level.
The first inefficiency is the overlapped area, where two or more sensor nodes redundantly cover the
same area. The second inefficiency is the coverage hole, where even though there are enough sensor
nodes, some areas are not covered due to the lack of proper sensor node placement. The third problem
is that some sensor nodes that are far from the CH consume more energy to communicate with CH.
Such consumption of energy reduces the sensor nodes’ lifetime and thus causes the coverage time to be
reduced or possibly causes network partitioning, which may lead to losing communication with some
sensor nodes. The fourth problem is that part of the sensor nodesFLs sensing range falls out of the area
of interest.

Figure 1: Inefficient converge at the cluster level. [18]
Most of coverage inefficiencies at the cluster level are due to the random sensor nodes placement.
Therefore, using an efficient placement algorithm will distribute the sensor nodes in a proper way; reducing most of cluster level inefficiencies. However, even if the coverage is optimized at the cluster level,
it may still suffer from problems at the network level. For example, clusters may overlap due to lack of
coordination during placement or some clusters may be formed far from the BS.
Figure 2 shows two networks using different placement algorithms. Circles represent sensor nodes’
sensing ranges, circles with the same symbol in the center belong to the same cluster and circles with a
small circle around their center represent the CHs.
In part (a) of Figure 2, the positions of sensor nodes are computed with a placement algorithm that
is not aware of inter-cluster overlaps. Note that sensor nodes within one cluster are not overlapped and
they minimize coverage inefficiencies; however, the inter-clusters overlap causes an extra consumption
of energy for redundant data. Part (b) of Figure 2 shows the same network with a placement of sensor
nodes that is aware of inter-cluster coverage inefficiencies. Note that sensor nodes do not overlap at both
the cluster and network level, simultaneously.
Recently, two protocols were developed to exploit nodes’ mobility in order to improve LEACH;
namely LEACH-VF and K-LEACH-VF.
The LEACH-VF protocol [22] is a LEACH-based clustering protocol that uses virtual forces to place
sensor nodes in positions that minimize communication energy and maximize sensing coverage. The
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Figure 2: Inter-cluster coverage: (a) Inefficient coverage (b) Efficient coverage.
protocol assumes attractive virtual forces between sensor nodes and the CH, and repulsive virtual forces
between overlapped nodes.
The attractive force ensures that sensor nodes’ locations optimize energy consumption by being close
to the CHs. The repulsive forces ensure that the overlap between sensor nodes is minimized (i.e.; it
improves the sensing area coverage).
The protocol has three phases: setup, placement, and steady state phases. In the network setup
phase, the sensor nodes are deployed in the network field. In the placement phase, the virtual forces
between nodes are calculated, the nodes are moved virtually, and the process is repeated until reaching
an exit condition. After that, the nodes are physically moved to the new positions based on their virtual
locations. Then, the third phase of network operation starts, where the data collection takes place. The
second and third phases are repeated for every round of operation.
As for the second protocol, K-LEACH-VF [23], it uses the k-means algorithm before the first round
in order to identify suitable centroids around which CHs will be created. The BS applies the k-means
algorithm on the sensor nodes locations and then broadcasts the centroids’ locations. Each sensor node
receives the locations and joins a cluster based on the nearest centroid. After the clusters are formed, the
operation is divided into three phases: setup, placement, and steady state.
In the setup phase, the node with the maximum energy in the cluster is elected as CH. After that,
in the placement phase, nodes are placed using virtual forces around the CH. Finally, in the steady state
phase, nodes collect data and transmit them to the CH, which relays them to the BS.

2.2

Placement optimization

Placement optimization can be modeled as a combinatorial optimization problem, in which the goal is to
select an acceptable subset from a larger set such that a value function is optimized. That is, suppose we
have a ground set V with size |V | and 2|V | possible subsets of V [24], we want to select a subset S ⊆ V that
optimizes a value (or utility) function F, where S ∈ S ⊆ 2V , and 2V is set of all subset (the power set) of
V, and S is the set of all acceptable solutions. This is represented as
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(1)

maximize F(S)
S⊆2V

S∈S

subject to

Unfortunately, depending on the structure of the constraints, solving such selection problems is NPhard in nature. However, there are many approximation algorithms that help in finding approximate
solutions, which are good enough to be used in practical applications [25]. Such algorithms benefit from
the problem structure and are proven to find solutions within an approximation bound in a reasonable
polynomial time.
In this work, we focus on solving the placement in WSN with an approximation algorithm that
has theoretical optimality guarantees; called submodular optimization algorithm. Submodularity is a
structural property, in which the increment of benefit diminishes as we add more components to the
solution [26].
Definition 1: A set function F : 2V → R maps a set input S∈ 2V to the real numbers. Set functions
are often used to measure a utility of a set. For example, if a bigger set is more valuable than the smaller
one, the cardinality function F(S) = |S| will measure such utility.
Definition 2: A set function is called submodular set function, if for A ⊆ B ⊆ V and a ∈ V \B,
F(A ∪ {a}) − F(A) ≥ F(B ∪ {a}) − F(B).

(2)

This definition captures the diminishing return property: a concept that arises naturally in many applications. It means that the increase in the benefit vanishes with advancement. As an example of diminishing
return, the value of adding an employee to a small team is greater than the value of adding the same
employee to a larger team.
Definition 3: The definition of Submodularity uses the marginal benefit of an element, t:
F(A ∪ {t}) − F(A). This quantity is often called the discrete derivative, and is denoted by
∆F (t|A) = F(A ∪ {t}) − F(A).

(3)

The definition of Submodularity using the discrete derivative notation becomes
F is submodular ,if forA ⊆ B ⊆ V,

∆F (t|A) ≥ ∆F(t|B).

(4)

The “max k cover” problem is an illustration of the use of Submodularity. Assume that we have a set of
subsets V = {V1 , V2 , ..., Vm } ⊆ 2V , and we want to choose a set S ⊆ V of k or less subsets such that they
maximally cover all the elements in the ground set V.
To model such a problem as a discrete optimization problem, we need to specify two items: the
objective function and the constraining set. Let F be the objective function (i.e.; the coverage function).
F measures the number of distinct covered elements.
F(S) = | ∪ Vi |.

(5)

S = {S ⊆ V, such that |S| ≤ k}.

(6)

Vi ∈S

We want the constraining set
Now we can write our optimizaton problem as:
S∗ = argmax
S⊆V :|S|≤k
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Note that submodular optimization is more general than the max k cover problem. The objective
function can be any submodular function instead of the simple coverage function. For example, we
can use it to find a subset of sensor nodes that capture the maximum amount of information from the
deployment area. As long as the objective function is submodular, we can model the problem as a
submodular optimization problem. Examples of the successful use of submodular optimization appear
in. [14], [27], [28]

2.3

Greedy and lazy greedy algorithms

The Greedy algorithm is a sub-optimal algorithm for maximizing monotone submodular functions. It
iteratively selects the elements that maximize the utility function.
It is shown in [29] that the Greedy algorithm produces a suboptimal solution that is at least (1 − 1e )
of the optimal solution. In [30], it is proven that the Greedy algorithm itself is optimal (i.e.; if there
is another algorithm that is guaranteed to produce a solution with higher optimality than (1 − 1e ) then
P = NP). The Greedy algorithm starts with an empty set P and iteratively adds the elements with highest
marginal benefit to it until the constraint is reached. The pseudo-code of the Greedy algorithm is given
below

The Greedy algorithm can be naturally accelerated by exploiting submodularity. The key observation
for the acceleration is that the marginal benefit of an element t ∈ V cannot be increased after selecting a
subset of elements, i.e if t ∈ V and A ⊆ B ⊆ V , then ∆(t|A) ≥ ∆(t|B). This fact was first used to devise
an accelerated version of the Greedy algorithm called the lazy Greedy algorithm. [31]
The lazy version of the Greedy algorithm works as follows: Consider running the Greedy algorithm,
it will iteratively choose elements forming a sequence of sets P1 , P2 , . . . , Pj through iterations 1 to j.
Note that by Submodularity of the utility function F, the marginal benefit of any element t ∈ V is
upper bounded by its marginal benefit in the previous iterations. That is ∆(t|Pi ) ≥ ∆(t|Pj )∀ j > i
Instead of re-evaluating all elements in the ground set in each iteration, the algorithm evaluates only
the remaining elements that have the largest marginal benefit from the previous iterations. The pseudocode of the lazy Greedy algorithm follows.
Although in the worst case, the lazy Greedy algorithm is as fast as the Greedy algorithm, huge
empirical speedups have been reported [32]. For example, the problem of influence maximization in
viral marketing [33] has reported the lazy Greedy algorithm to be 700 times faster than the Greedy
algorithm. Another example related to the problem of selecting the most informative sensors in a water
distribution network [34] where it been has reported that the lazy greedy algorithm is 30 times faster than
the Greedy algorithm. However the study did not consider clustering protocols.
The algorithm starts with an empty set P. After that, it calculates marginal benefits of all ground set
elements, and stores all pairs of elements and their corresponding marginal benefit into a priority queue.
The priority queue provides fast access to the largest value elements. Then, the algorithm iteratively
adds the element with highest marginal benefit to P. This is done by popping the priority queue and
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revaluating the popped element. If the element’s marginal benefit is greater than the marginal benefit of
the rest of priority queue elements, then it is the element with highest marginal benefit without the need
to re-valuate other elements (lazy evaluation trick). In such case, the element is added to P, else, the
element and its re-evaluated marginal benefit will be pushed back into the queue. The process is repeated
until the cardinality constraint is reached.

2.4

Point coverage

Although the placement problem is continuous, we can approximate it with discrete submodular optimization. However, submodular optimization algorithms need to setup two basic constructs: the utility
function and the ground set.
For the case of placing sensor nodes in a deployment area, we assume that the ground set is a discrete
finite set of sensor node positions. The utility of placing these nodes, on the other hand, should be
computed over a continuous area of points in the deployment area. We assume that all area points have
equal importance of being covered. Our goal at hand becomes to find the set of locations at which to
place the sensor nodes such that the coverage and energy requirements are satisfied. We refer to this set
as the placement, P.
If we denote the utility of an area point a covered by placement P as U(a, P), then the utility of the
whole area gained by the placement P can be computed by
Z

U=

U(a, P).

(8)

a∈A

Such integration is hard to compute in general. For example, if U is the sum of the area covered by
the placement, then it will imply two problems
1. Computing the area of overlaps needs the use of the inclusion-exclusion principle that has exponential number of terms.
2. The equations for finding the area of n-overlapped circles are very complicated for more than two
circles and are beyond the practical scope of the problem.
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Although computing the integration is hard, grid approximation methods can be used. Figure 3
shows a grid approximation of area points within a deployment area of 100 m × 100 m. Both vertical
and horizontal lines have a resolution of 5 m per line and the circle represents a sensor nodeFLs sensing
range.

Figure 3: Grid approximation of area points.
The utility is approximated with a grid of points as the sum of utility for all points within the circle.
In general, using the grid approximation, the utility can be tractably computed by
U=

∑ U(a, P).

(9)

a∈A

Where A is the set of area grid points.
To use submodular algorithms, we need to build a discrete ground set. For ground set approximation,
two options are available: the first is to compute the exact ground set using combinatorial techniques [35],
and the second is to use an approximation that produces a ground set smaller than the exact ground set.
The first option is to find an exact ground set. Such method is impractical for our purposes because
the points in the deployment area are dense. Hence, for n divisions on each axis, we end up with
O(n2 ) points. With this size of ground set, the lazy greedy algorithm’s run time will be a strongly
polynomial [35] of O(n4 ). Even though the complexity is polynomial, it is practically infeasible.
We adopt the second option and use a grid for the ground set approximation, where each intersection
of a horizontal and a vertical line represents a possible sensor node location, as shown in Figure 4. Note
that the ground set size is O(R2 × n2 ) in the grid approximation method, where R is the ratio of the area
grid resolution to the ground set grid resolution. R will be a factor less than 1 due to the fact that having
a finer resolution for the ground set compared to the area points results in many ground set elements
having the same utility. For the area approximation grid in Figure 3 and the grid approximation of the
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Figure 4: Grid approximation of possible sensor nodes locations.
ground set in Figure 4, the value of R is 0.5. In comparison with the exact ground set method, R of 0.5
will reduce the complexity of the lazy greedy algorithm by a factor of 0.54 .

3

The Proposed Protocol (LEACH-SP)

After presenting the theoretical foundation in the previous sections, we present the LEACH-SP protocol.
We outline the design assumptions and model the utility by a submodular function. After that, the
submodular placement algorithm is introduced and then combined with LEACH.

3.1

Design assumptions

In this paper, we assume that the network consists of N sensor nodes S = {S1 , S2 , . . . , SN }; in addition to
the BS. The BS has a fixed position, while the sensor nodes can move within the deployment area A [36].
The sensor nodes are homogeneous in terms of initial energy and sensing range, Rs , and all of them work
under the same energy consumption model. All targets within the network area are considered fixed.
Furthermore, the BS is assumed to be reachable by all sensor nodes (i.e.; the CHs can communicate
with it directly via one-hop links). Another assumption is that each sensor node can identify its own
location and can compute the distance between itself and the BS; using a self-localization algorithm or a
localization device such as GPS. The deployment area is assumed to be two dimensional.
The sensing model used in this work considers that there is a set of points that need to be covered
within an area of interest. An area point is said to be covered by a sensor node, if it lies in the sensor
node’s sensing range. The most common approximation of sensor coverage is the Boolean Disk Model,
in which the sensor can sense the point or target if it is within Rs distance from it. Otherwise, a point
cannot be sensed.
(
1, if distance (s, j) ≤ Rs .
f (s, j) =
(10)
0, otherwise.
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where s is the sensor location and j is a space point in the deployment area.
The most commonly used communication model in WSN research is the model defined in [18].
This model defines the energy consumed for the transmission of a k-bit message over a distance d using
given radio parameters. The first parameter, Eelec , represents the amount of energy required to run
the transmitter or the receiver circuit. The second parameter, εamp , represents the energy required by
the transmitter amplifier. When transmitting a k-bit message over a distance d, the radio consumes an
amount of energy that is equal to:
ETx (k, d) = (Eelec · k) + (εamp · k · d 2 ).

(11)

In the case of receiving a k-bit message, the consumed energy is:
ERx (k) = Eelec · k.

(12)

LEACH-SP consists of three stages:
1. Cluster forming and setup phase: This phase corresponds to the setup phase in the LEACH
protocol. The network is divided into clusters using the LEACH election, sensor nodes join CHs,
and the CHs compute TDMA schedules and broadcast them to sensor nodes, which will be used
in the steady state phase.
2. Placement phase: CHs have all nodes’ positions. It uses inter-cluster based placement and computes the sensor nodes’ new positions that optimize the clustering protocol efficiency using the
placement algorithm, and then sends the new positions to the sensor nodes to be relocated to the
new locations.
3. Steady state phase: This phase corresponds to the steady state phase in LEACH.

3.2

Computation of the utility function

The goal of the utility function employed in LEACH-SP is to find sensor nodes’ positions that reduce
communication cost and maximize the coverage. We propose the utility function to be the sum of area
points’ utility. That is, the utility of placing k sensors nodes equals the sum of utility of points covered
by these nodes. The computation of such utility function involves the evaluation of the integration over
all area points covered.
The targeted utility should maximize coverage and minimize energy consumption. In order to achieve
these objectives, the utility should have three properties:
1. It should be high near CHs in order to decrease communication energy.
2. It should also be low over covered areas in order to decrease sensor nodes range overlaps.
3. The utility function should be submodular to benefit from submodular optimization algorithms.
Because all points in the deployment area are treated equally, the utility can be considered as a
function of distance between area points and CHs. Moreover, The utility of covering a point that is
already covered by another sensor node is considered to be zero.
The following utility function satisfies the three properties listed above:
Uinvdist (a) =

1
·Covered(a, P).
(ε + distance(a,CH))
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(
1, if ∃ s ∈ P and distance(a,s) ≤ Rs + Separation.
Covered(a, P) =
0, otherwise.

(14)

Eq. (13) relates the utility of a point in the deployment area to the inverse of its distance from CH.
Nodes close to the CH will have high utility and nodes far from it will have lower utility. ε is a small
constant to avoid division by zero. The utility of area points that are covered by a sensor node in the
placement P are discounted to zero. This forces the algorithm to choose non-overlapped sensors nodes.
Eq. (14) demonstrates that an area point is covered by the placement P if it is covered by one sensor
node that belongs to the placement. Note that the sensor nodes’ sensing range, Rs , is augmented with a
separation. This is intended to limit overlaps and enhance coverage. Figure 5 illustrates the use of the
separation between the sensor nodes. In part (a) of Figure 5, the nodes’ sensing ranges are overlapped
which lead to lower overall coverage. As for part (b) of Figure 5, notice that the added separation between
the nodes limited the overlap.

Figure 5: a) Placement without the separation b) Placement with the separation.

3.3

The placement algorithm

To use the submodular maximization lazy Greedy algorithm for placement, we need to provide it with
the ground set, the submodular utility function, and the cardinality constraint. As illustrated in Section
3, because both utility function and the ground set of the placement are continuous in nature, we adopt
grid discretization of them. The discretization introduces a small approximation error, but fortunately
the lazy Greedy algorithm is robust to small errors [29].
The algorithm, shown below, takes k sensor nodes and the CH positions, and returns new sensor
nodesFL positions. In Steps 1 – 4 of the algorithm, a grid is created for the sake of computing the utility,
another grid that represents the ground set is also created, and the utility function is defined. Steps 5 – 7
spread utility on area points. The utility of an area point is the maximum utility of the point with respect
to CHs, this mimics a competition of the CHs on covering the area point. The algorithm uses Uinvdist
as the utility function. In Step 9, the algorithm constructs the ground set as the set of all points of the
ground set grid. Finally in Step 10, the lazy Greedy algorithm is invoked to find the placement.
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Results and Discussion

In this section, we evaluate the performance of the LEACH-SP protocol by comparing it with other
LEACH-based placement protocols; namely LEACH-VF and K-LEACH-VF. First, we discuss our experiment methodology and then we evaluate the performance by comparing the visual distribution of
nodes, the performance in a network with average node density, and the aggregate behavior of the proposed protocol for various node densities.

4.1

Experiment methodology

At first, we generate a set of random networks. The same random networks are used as input in simulating
the different protocols. This fixes the changes due to different initial nodes positions in the network and
ensures that the results stand for the same inputs for comparison fairness. The simulation assumes the
sensor and energy consumption models described in Section 4.
Each experiment case is run for a number of times in order to ensure that the results represent the
actual protocol’s behavior regardless of the randomness implied by the algorithms (e.g.; the sensor nodes
being deployed in random locations).

4.2

Experiment parameters and comparison metrics

For comparison purposes, the same parameters used in [22] are applied in this study. These parameters
are shown in Table 1. Matlab is used as the simulation environment in this work.
The utility functions are crucial for optimizing the usage of the algorithms. However, they are not
easily interpreted by humans. For example, it is harder to interpret the sum of inverse distance utility
compared with the sum of area covered by a placement. Unsuitability of the utility functions for humans
limits many modeling and analysis possibilities. To overcome this issue, we use easier to understand
performance metrics in order to objectively evaluate the performance of the different protocols.
Two commonly used performance metrics are the covered area and the consumed energy. In addition,
there are measures that give indication about the usage efficiency of the sensor nodes such as total moved
distance, the number of live nodes and the total area covered until round r. These metrics are defined as:
1. Live nodes at a round: Defined as the number of live nodes at round r
LiveNodes(r) =

∑ 1(s ∈ alive(r)).

s∈P
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Table 1: Simulation Input Parameters.
Parameter
Value
Field Size
100 m × 100 m
Location of BS
(100, 100)
Number of nodes, N
20, 40, 60, 80, 100
Initial Energy per node
0.25 J
Fixed number of clusters
for K-LEACH-VF)
3
Percentage of CH nodes 5%
Rs
5m
Number of Rounds
1000
Round per CH
1
Wa (for LEACH-VF)
0.02 N/m
Wr (for LEACH-VF)
15 N/m
where alive(r) is the set of live nodes at round r and 1(x) is the indicator function. In this work,
we consider the network lifetime as the number of executed rounds until the last nodes dies.
2. Coverage Efficiency: Defined as the ratio between actual area covered by sensor nodes to the total
sensor nodesFL coverage areas at round r
CE =

(π · R2s · LiveNodes(r) − overlapped area(r))
.
π · R2s · LiveNodes(r)

(16)

where overlapped area(r) is the amount of sensor range overlapped area at round r.
In practice, this metric cannot be computed analytically because the computation will involve hard
integrations. Instead, the covered area at round r is computed using gird approximation (which is
equivalent to Riemann sum) as follows:
CoveredArea = C(r) =

(# points covered)
× Area covered by the grid.
(# points on the grid)

(17)

And thus,
CE =

C(r)
.
π · R2s · LiveNodes(r)

(18)

In our experiments, we use the term coverage to indicate coverage efficiency.
3. Consumed Energy: Defined as the sum of consumed energy by regular nodes and cluster heads
in a round
E=

∑

Energy consumed by s +

∑

Energy consumed by s.

(19)

s∈CH

s∈reg nodes

4. Moved distance: defined as the sum of moved distance by all sensor nodes in one round
d(r) =

∑ kposition(s, r) − position(s, r − 1)k2 .

(20)

s∈P

Where position(s, r) is the position of sensor s at round r. This metric is considered due to the
direct relationship between the energy consumption and the distance traveled by the node.
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5. Cumulative covered area: Defined as the sum of area covered until round R
Cumulative covered area(r) =

∑ C(r).

(21)

r≤R

6. Cumulative number of sensing events: Defined as the sum of all sensing actions (sensor reads)
executed by the live nodes until R. Note that we assume the each sensor node executes only one
sensing event per round. The metric is expressed as
Sensing Actions(R) =

∑ LiveNodes(r).

(22)

r≤R

The last two metrics are considered in conjunction with each other. The logic behind using them is to
correlate the sensing events with the covered area. For two given sensing events, the collected information may hold different value. For example, having two sensing events at the same point cover less area
than having them at two distinct locations.

4.3

Visual analysis of node distribution

To make an intuition about the performance of a placement algorithm, the resulting node distribution is
visually inspected. Figure 6 shows a snapshot of the nodes distribution for the original LEACH along
with the placement protocols at a given round. It is clear that the LEACH distribution of nodes is very
poor compared to the other protocols as it has the highest ratio of overlaps and coverage holes. Regarding

Figure 6: Distribution of 60 nodes obtained by running the different algorithms. (a) LEACH, (b)
LEACH-VF, (c) K-LEACH-VF and (d) LEACH-SP.
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LEACH-VF and K-LEACH-VF, we notice that the nodes are well-distributed on the cluster level but with
significant overlaps on the network level.
LEACH-SP has no overlaps at the cluster level nor at the network level. It can be noticed also that
the separation between sensor nodes is slightly larger than that in LEACH-VF and K-LEACH-VF.
From the visual analysis, we see that the performance of LEACH-SP should be better than the other
protocols. This expectation is because LEACH-SP has better coverage than other algorithms, and the
CHs are centered within their respective cluster.

4.4

Performance comparison in average node density networks

The experiments are run with different node densities in order to capture the protocols behavior subject
to various conditions. As indicated in Table 1, the dimensions of the deployment area are 100 m ×100
m. To study different densities, we considered networks that have 20, 40, 60, 80, and 100 nodes.
Based on these network densities, we can consider the network with 20 nodes as a sparse network,
with 60 nodes as a moderate network, and with 100 nodes as a dense network.
To get a thorough understanding of the protocols performance, the protocols are run on networks
with average density of 60 nodes. The protocols are evaluated using the metrics previously defined. We
eliminate LEACH from the subsequent comparisons as it has no placement consideration and was shown
in the visual analysis to be relatively poor.
Figure 7 shows the number of live nodes per round for the three protocols. LEACH-VF and LEACHSP behave similarly with first node lost at rounds 403 and 446; respectively. K-LEACH-VF balances the
energy dissipation among network nodes, it loses the first node after 529 rounds but depletes the battery of
all other nodes within the next 60 rounds. In general, LEACH-SP gives the longest duration of operation
compared to all other protocols.

Figure 7: Live nodes per round.
Another metric to test is the average moved distance per round. This has a direct effect on the
overall battery lifetime. As can be inferred from Figure 8, LEACH-SP has the least moved distance of all
clustering-placement protocols. Sensor nodes running LEACH-SP are required to move 20% and 16%
of the distance needed for nodes running LEACH-VF and K-LEACH-VF; respectively. This translates
to preserving more energy in the batteries that would otherwise be consumed for mobility purposes.
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Figure 8: Average moved distance per round.
Figure 9 presents the coverage efficiency for the three protocols taken as a percentage of the maximum possible coverage. In the first portion of rounds (from round 0 until the first node dies), LEACH-SP
scores the best coverage efficiency, which is around 99% of the maximum possible coverage area (i.e.;
almost no overlaps between the nodes). LEACH-VF is the second best protocol in terms of coverage
efficiency in the first portion of rounds with about 95.5%. K-LEACH-VF coverage efficiency is not consistent and ranges between 85% and 91%. After that, sensor nodes lose their power and the coverage
efficiency drops for LEACH-SP and LEACH-VF. Note, however, that K-LEACH-VF maintains its coverage efficiency for a longer duration due to the extended period before the first node death. Once that
happens, the K-LEACH-VF coverage efficiency drops significantly lower than the other two protocols

Figure 9: Coverage Efficiency.
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because most of the sensor nodes will lose their power within a short interval of rounds.
Figure 10 shows the cumulative number of sensing events until round r. The three curves are identical
until the first node loss, as shown previously in Figure 7. After that, K-LEACH-VF achieves more sensing
events due to the extended lifetime of its nodes. However, as shown in

Figure 10: Cumulative number of sensing events.
Figure 11, LEACH-SP and LEACH-VF compensate their lower number of sensing events with higher
coverage. LEACH-SP has the best cumulative covered area, which is a better indicator to assess the
efficiency of the protocol.

4.5

Effect of network density on LEACH-SP performance

In this section, we analyze the performance of LEACH-SP compared to LEACH-VF and K-LEACH-VF
for different node densities. The performance metric used is the cumulative covered area until round r.
We present this metric in conjunction with the effect of the number of live nodes at the same round, r.
Figure 12 and Figure 13 show the improvement (gained) on the cumulative area covered by LEACHSP compared to LEACH-VF and K-LEACH-VF; respectively.
As illustrated in Figure 12, LEACH-SP adds a significant amount of area compared to LEACH-VF,
for all node densities. This is a direct results of having the nodes living for longer duration and with
less overlaps. In 20-node and 40-node networks, LEACH-SP adds more total area as time proceeds until
LEACH-VF starts losing nodes after about 500 rounds, after that the improvements rise sharply for about
80 rounds. This is because LEACH-SP has greater lifetime and all its sensor nodes remain in operation
while LEACH-VF nodes die. In both protocols, after all nodes die the cumulative area covered becomes
constant as there are no more nodes to contribute to the total.
For a 60-node network, the nodes in both protocols live for approximately the same time. Thus, the
improvement of LEACH-SP over LEACH-VF grows gradually until all nodes die.
For all networks of 20 to 80 nodes, the improvement is proportional to the number of nodes in the
network. However, in dense networks of 100 nodes, the improvement suddenly becomes less than the
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Figure 11: Cumulative covered area.

Figure 12: Improvement on the cumulative area coverage by LEACH-SP compared to LEACH-VF.
improvement of 60 nodes. Note also that for 80 to 100 nodes networks, the improvement fluctuates
before becoming constant.
As the node density increases, LEACH-VF becomes more balanced than LEACH-SP. This explains
the drop and growth of total area improvement of LEACH-SP to LEACH-VF. The drop in total area
coverage indicates that LEACH-VF is achieving better coverage than LEACH-SP for that short phase of
operation. This results in reducing the gains achieved in the cumulative are coverage.
Figure 13, shows the improvement (gained) on the cumulative area covered of LEACH-SP over that
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of K-LEACH-VF. It can be noticed that in all network densities, the cumulative area covered gradually
grows with time, then slightly drops when the LEACH-SP nodes start to die. This is followed by a slight
rise which is a result of the K-LEACH-VF nodes losing their power within a short duration of rounds,
and finally it reaches a constant value.

Figure 13: Improvement on the cumulative area coverage by LEACH-SP compared to K-LEACH-VF.
We can conclude that LEACH-SP improves the total area covered compared to both LEACH-VF and
K-LEACH-VF in all considered network densities.
To further study the behavior of LEACH-SP compared to the other protocols, we consider the total
area covered and the total moved distance for different network densities. These totals represent the sum
for all rounds in which sensor nodes are alive.
Figure 14 shows the total covered area for different nodes densities. LEACH-SP has the best total
area covered for all network densities. Figure 14 also shows a linear behavior of total area covered
of both LEACH-VF and K-LEACH-VF. In terms of coverage, K-LEACH-VF total area covered drops
significantly in dense networks compared to LEACH-SP. This is a direct result of the coverage overlaps.
In Figure 15, we the show the total moved distance for different nodes densities. LEACH-SP growth
of moved distance with the increase of nodes number is slow. This fact tells that LEACH-SP is more
practical than the other protocols for all densities due to the reduction in the power needed for mobility.

5

Conclusion

Joint optimization of network lifetime and coverage in mobile WSN clustering has been a hard problem to
solve. Using submodular optimization, we attained an approximate solution with optimality guarantees.
LEACH-SP, presented in this paper, is a novel clustering algorithm that uses a submodular node placement approach to dynamically form clusters with minimum energy consumption and maximum sensing
coverage. This is achieved by placing the sensor nodes around the cluster heads such that the nodes are
as close to the cluster head as possible in order to minimize the communication energy consumption,
while keeping the intra- and inter-cluster coverage overlap at minimum.
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Figure 14: Total covered area for different nodes densities.

Figure 15: Total moved distance for different nodes densities.
The performance of LEACH-SP was evaluated and compared with exiting similar approaches using simulation. The performance metrics used were the network lifetime, sensing coverage, coverage
efficiency, and the distance moved by the nodes. The simulation results demonstrated that LEACH-SP
outperforms the other approaches.
Moreover, LEACH-SP has significantly less moved distance compared to the other protocols, which
makes it more suitable for practical applications. To the best of our knowledge, no reference model to
calculate the energy consumption of nodes’ mobility exists. Therefore, we believe that if the energy
cost of the mobility is less than the energy saved by the new protocol enhancements, then the proposed
protocol will yield a good enhancement to network lifetime and coverage.
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Finally, the comparison for different nodes densities, and the results show that LEACH-SPFLs performance is robust to nodes density changes.
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