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Abstract. The lifetime of a wireless sensor network is dependent on the
type of sensor deployment. If the application permits deterministic de-
ployment of nodes and if the sensor nodes are limited, quality of sensing
and energy conservation can be enhanced by restricting the sensing range
requirement. This paper addresses deterministic deployment of nodes for
probabilistic target Q-coverage. A probabilistic coverage model considers
the effect of distance and medium on the sensing ability of a node. We use
Artificial Bee Colony (ABC) algorithm to compute the optimal deploy-
ment of sensor nodes such that the required sensing range is minimum
for probabilistic target Q-coverage.

Keywords: Sensor Deployment, Target Coverage, Q-Coverage, ABC
Algorithm.

1 Introduction

Maximization of network lifetime is one of the main challenges in wireless sen-
sor networks. Energy can be efficiently used through proper energy utilization
schemes, depending on the application. If the application permits determinis-
tic deployment of nodes, energy wastage can be controlled by restricting the
sensing range required and the quality of coverage can be improved in case of
probabilistic coverage.

Sensor nodes are deployed to achieve either area coverage or target coverage. To
achieve area coverage, if the sensors have fixed sensing range, optimal deployment
patterns are preferred to minimize the number of sensor nodes required. The cov-
erage requirement of the application also has an impact on the network lifetime.
Some applications require that each target has to be monitored by at least one sen-
sor node (simple coverage), whereas some might require a high number of sensor
nodes to monitor the targets (k-coverage). In some applications, each target may
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(a) (b)

Fig. 1. Comparison (a) Random deployment with fixed sensing range and (b) Deter-
ministic deployment with optimal sensing range

have a different coverage requirement. This is known as Q-coverage problem. In
this paper, we focus on probabilistic target Q-coverage problem. The number of
sensor nodes to be deployed are limited and the sensing range has to be minimized
to control energy usage and improve quality of coverage.

Figure 1a shows a random deployment of sensor node S1. Here S1 has a pre-
defined sensing range sr. Figure 1b shows a case of deterministic deployment of
S1 where the sensing range is restricted/reduced so that it is optimal for all the
targets to be monitored.

1.1 Types of Sensor Deployments

The deployment of sensor networks varies with the application considered. In
some environments, it can be predetermined and be placed in the exact locations.
For some environments, the nodes can be air-dropped or deployed by other
means [1].

Depending on the density of nodes in a network, a sensor network deployment
can be categorized as dense deployment or sparse deployment.

– Dense Deployment
A dense deployment involves relatively large number of sensor nodes. It is
used when higher level of coverage has to be satisfied.

– Sparse Deployment
A sparse deployment includes only a few number of nodes. It is used when
dense deployment is not feasible because of cost of deployment or other
factors.

Based on the type of deployment, a sensor network deployment can be cate-
gorized as random deployment or deterministic deployment.
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– Random Deployment
Random deployment is suitable if no prior knowledge of the region is avail-
able. It is mainly used for military applications, inaccessible area, hostile
region etc. However, random deployment does not always lead to effec-
tive coverage, especially if the sensors are clustered at some parts of the
region [2].

– Deterministic Deployment
Deterministic deployment is suitable for accessible regions. It is also pre-
ferred if powerful, sophisticated and expensive nodes are used which require
careful planning and placement [3]. Non-sensitive applications usually use
deterministic deployment.

1.2 Types of Sensing Models

Most research works assume that the sensing region of a sensor node is a sensing
disc, that is, a sensor node has the uniform contribution in all directions of its
sensing region. In the basic (binary) model, if a target lies within the sensing
region of a sensor node, it is always assumed to be detected with probability 1
otherwise with probability 0. This idealized binary model has been extensively
used to analyze the coverage problems of sensor networks. But in real deployment
of sensor nodes, the sensing capabilities of sensor nodes have relations with the
environment and then it is imperative to have practical considerations at the
design stage. Such a sensing model is known as probabilistic sensing model. Thus,
in general there are two sensing models: binary sensing model and probabilistic
sensing model.

Binary Sensing Model In a binary sensing model, the target is either mon-
itored with full confidence or not monitored. Let S = {S1, S2, . . . , Sm} be the
set of sensor nodes and T = {T1, T2, . . . , Tn} be the set of targets in a given
region. A sensor node located at (x1, y1, z1) can cover a target at (x2, y2, z2) if
the Euclidean distance between the sensor node and the target is less than or
equal to the sensing range sr.

√
(x1 − x2)2 + (y1 − y2)2 + (z1 − z2)2 ≤ sr (1)

A binary sensing model is given by,

STij =

{
1 if dij ≤ sr,

0 otherwise
(2)

where i = 1, 2, . . . ,m and j = 1, 2, . . . , n. dij corresponds to the Euclidean
distance between Si and Tj

Probabilistic Sensing Model. The sensing range is not a disk in probabilis-
tic sensing models [4]. With probabilistic model, the probability that the sensor
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detects a target depends on the relative position of the target within the sen-
sors’ sensing range. Basically the probability of detecting a target is assumed to
diminish at an exponential rate with the increase in distance between a sensor
and that target. Probabilistic coverage applies with some kinds of sensors e.g.
acoustic, seismic etc., where the signal strength decays with distance from the
source, and not with sensors that only measure local point values e.g. tempera-
ture, humidity, light etc. [5].

As in [6], we use the following exponential function to represent the confidence
level in the received sensing signal:

STij =

{
e−αdij if dij ≤ sr,

0 otherwise
(3)

where 0 ≤ α ≤ 1 is a parameter representing the physical characteristics of
the sensing unit and environment.

The coverage of a target Tj which is monitored by multiple sensor nodes Sj

is given by,

STj(S j) = 1−
∏

Si∈Sj

(1 − STij) (4)

2 Related Work

Network performance metrics such as energy consumption, coverage, delay and
throughput etc. are affected by the position of sensor nodes. For example, large
distances between nodes weaken the communication links, lower the throughput
and increase the energy consumption [6]. It is always a challenging task to make
use of the available energy in a fair manner. The coverage requirement varies
from application to application. Q-coverage is one where each target may have
a different coverage requirement. Earlier work on Q-coverage problem [7][8][9] is
based on random deployment of nodes. The model under consideration is binary.
In such cases, sensor scheduling is a solution to maximize the network lifetime.
The method proposed by Gu et al. [7] is based on column generation, where
each column corresponds to a feasible solution. Chaudhary et al. [8] present a
greedy heuristic, High Energy and Small Lifetime (HESL), to generate Q-covers
by prioritizing sensors in terms of the residual battery life. Liu et al. [9] also
propose a heuristic for Q-coverage problem with scheduling as a solution.

Du et al. [10] propose to improve sensor network performance by deploying
some mobile sensors in addition to a large number of static sensors. Mobile
sensors are used to increase sensing coverage, provide better routing and con-
nectivity for sensor networks. The areas that equire better coverage are identified
and mobile sensors are moved towards that area. Shen et al. [11] propose Grid
Scan which is applied to calculate the basic coverage rate with arbitrary sensing
radius of each node. This approach is used to ensure k-coverage of the area and
it is used to provide better coverage with less nodes. A re-deployment approach
is used to obtain better coverage rate.
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Initial work on probabilistic coverage address area coverage problem [5][12].
In [12], the problem is formulated as an optimization problem with the objective
to minimize cost while all the points are covered with some required probabil-
ity. The minimum number of sensors that are to be activated to maintain the
required level of coverage is identified in [4].

Artificial Bee Colony (ABC) Algorithm [13] is an optimization algorithm
based on the intelligent foraging behavior of honey bee swarm. ABC algorithm
has been found to solve optimization problems efficiently. There are other algo-
rithms also based on the behavior of natural bees [14]. Compared to other swarm
intelligence based algorithms like GA, Particle Swarm Optimization (PSO), ABC
is observed to perform better [13]. ABC algorithm was applied to sensor deploy-
ment problem in irregular terrain by Udgata et al. [15]. Mini et al. used ABC
algorithm initially to solve simple coverage problem [16] and later to solve k-
coverage and Q-coverage problems [17]. The sensing model used in these prob-
lems is a binary sensing model, where a target is fully monitored or not at all
monitored.

The dynamic deployment problem in WSNs with mobile sensors on a binary
sensing model was solved using ABC algorithm [18]. Ozturk et al. [19] use ABC
algorithm to solve dynamic deployment problem in WSNs within the scenario
of mobile and stationary sensors on a probabilistic detection model. Andersen
et al. [20] consider sensor deployment in a three dimensional space to achieve
a desired degree of coverage and also to minimize the number of sensor placed.
Most of the existing works on sensor deployment address area coverage problem
in wireless sensor networks.

To the best of our knowledge, this is the first work to address sensor deploy-
ment for probabilistic target Q-coverage problem. This paper is an extension
to our earlier work [21] where we use artificial bee colony algorithm to solve
probabilistic target k-coverage problem.

3 Problem Definition

Given a set of n targets T = {T1, T2, . . . , Tn} located in U × V × W region
and m sensor nodes S = {S1, S2, . . . , Sm}, place the nodes such that T =
{T1, T2, . . . , Tn} is monitored by Q = {q1, q2, . . . , qn} number of sensor nodes
such that target Tj needs to be monitored by at least qj number of sensor nodes,
where 1 ≤ i ≤ n and with a total probability p such that the required sensing
range is minimum. The objective is to cover Tj with at least qj sensor nodes,
probability p and to minimize

F = ∀i((max(distance(Si, Hg)))) (5)

where H is the set of all targets monitored by Si, i = 1, 2, . . . ,m , g =
1, 2, . . . , h, where h is the total number of targets Si monitors.
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Algorithm 1. Proposed Method of sensor deployment for probabilistic sensing
model

1: Initialize the solution population B
2: Evaluate fitness ((Equation(5)))
3: Produce new solutions based on probabilistic Q-coverage
4: Choose the fittest bee
5: cycle = 1
6: repeat
7: Search for new solutions in the neighborhood
8: if new solution better than old solution then
9: Memorize new solution and discard old solution
10: end if
11: Replace the discarded solution with a newly randomly generated solution
12: Memorize the best solution
13: cycle = cycle+ 1
14: until cycle = maximumcycles

4 Proposed Method

Let B be the solution population in a region with stationary targets. Each so-
lution Ba = {(x1, y1, z1), (x2, y2, z2), . . . , (xm, ym, zm)} where a = 1, 2, . . . , nb ,
nb the total number of bees and m the total number of nodes to be deployed,
corresponds to a bee. The initial solution is generated in such a way that all the
targets can be probabilistically covered, and no sensor node is left idle without
contributing to probabilistic Q-coverage. Let Rj be the subset of sensor nodes
which can make each target Tj meet the required probability. If Rj satisfies Q-
coverage requirement of Tj , Tj is assigned to each sensor node in Rj . If it does
not satisfy Q-coverage, then identify the nearest nodes which do not belong to
Rj that can make Tj Q-covered, along with Rj . Tj is assigned to these new sen-
sor nodes in addition to Rj . Each sensor node is then placed at the center of all
the targets which are assigned to it. If some target will not be probabilistically
covered due to this shift of location, this move should not be allowed.

The fitness function used to evaluate the solutions is the euclidean distance
between each target and the sensor location to which it is associated. Each sensor
node is associated to a cluster, where a cluster corresponds to the set of targets
monitored by the sensor node. Let Di = (Di1, Di2, Di3) be the initial position of
ith cluster. F (Di) refers to the nectar amount at food source located at Di. After
watching the waggle dance of employed bees, an onlooker goes to the region of
Di with probability Gi defined as,

Gi =
F (Di)∑m
l=1 F (Dl)

(6)

where m is the total number of food sources. The onlooker finds a neighbor-
hood food source in the vicinity of Di by using,

Di(t+ 1) = Di(t) + δij × v (7)
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Table 1. Sensing Range for Probabilistic Target Q-Coverage

Sensing Range

α Probability Q Best Mean Standard Deviation

1-2 2.0616 2.0616 0
0.6 1-3 3.9751 4.0235 0.0439

1-4 3.9427 3.9547 0.0208
1-2 2.0616 2.0616 0

0.7 1-3 3.7723 3.8672 0.0836
0.05 1-4 3.9147 3.9761 0.0719

1-2 2.0616 2.0616 0
0.8 1-3 3.8876 3.9565 0.0815

1-4 3.8286 3.9514 0.1233
1-2 2.0616 2.0616 0

0.9 1-3 3.943 3.9721 0.0297
1-4 3.9254 3.9858 0.055
1-2 2.0616 2.0616 0

0.6 1-3 3.8579 3.9443 0.1061
1-4 3.9178 3.9591 0.0611
1-2 2.0616 2.0616 0

0.7 1-3 3.8544 3.9946 0.1216
0.1 1-4 3.8623 3.9178 0.1078

1-2 2.0616 2.0616 0
0.8 1-3 3.9269 3.9494 0.0264

1-4 3.9652 4.0359 0.0627
1-2 3.6976 3.9003 0.1771

0.9 1-3 4.0306 4.1559 0.1095
1-4 4.1482 4.3142 0.1648
1-2 2.0616 2.0616 0

0.6 1-3 4.0044 4.0378 0.0289
1-4 3.9331 3.9378 0.004
1-2 2.0616 2.0616 0

0.15 0.7 1-3 3.9766 3.9827 0.0061
1-4 3.9273 3.9803 0.0912
1-2 3.4953 3.6227 0.1207

0.8 1-3 3.8904 4.0533 0.168
1-4 3.9161 4.0423 0.1204
1-2 2.0616 2.0616 0

0.6 1-3 3.9354 3.9735 0.0449
0.2 1-4 3.8028 3.9391 0.1228

1-2 3.4768 3.5369 0.0941
0.7 1-3 3.9114 4.0044 0.1294

1-4 3.8978 3.9552 0.0516

The onlooker finds a neighborhood food source in the vicinity of Di by using
Equation 7. The solutions are never allowed to move beyond the edge of the
region. The new solutions are also evaluated by the fitness function. If any new
solution is better than the existing one, that solution is chosen and the old one
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Fig. 2. Sensing range requirement for 10x10x10 grid with α=0.1

is discarded. Scout bees search for a random feasible solution. The solution with
the least sensing range and that satisfies probabilisticQ coverage is finally chosen
as the best solution. The proposed scheme is shown in Algorithm 1.

5 Results and Discussion

The initial experiments are carried out on a 10x10x10 grid. 5 sensor nodes are
to be deployed to monitor 10 targets. The total number of bees (colony size) is
10, with half of them being employed bees and half onlookers. The number of
cycles is 500, limit for neighborhood search is 20 and the number of runs is 3.
MATLAB 2007a is used for implementation.

Since a probabilistic coveragemodel considers the effect of medium on the sens-
ing ability of a node, we vary the value of α. α is assumed to take values 0.05, 0.1,
0.15 and 0.2. The value of Q also affects the sensing range required. We vary Q-
values 1 to 2, 1 to 3 and 1 to 4. The required probability is set to 0.6, 0.7, 0.8 and
0.9. The sensing range required depends highly on Q. With α at 0.15, the targets
cannot be covered with a probability 0.9 and with α = 0.2, the targets cannot
be covered with a probability 0.8 or higher (Table 1). Figure 2 shows the sensing
range requirement for this set-up with α = 0.1. It can clearly be seen that for
the targets to be monitored with Q=[1,2], the sensing range required for coverage
with probability 0.6, 0.7 and 0.8 are the same. But when a higher probability of
0.9 is required, a noticeable increase in the sensing range is observed. When the
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Fig. 3. Sensing range requirement for 100x100x20 grid

Table 2. Sensing Range for Probabilistic Target Q-coverage (100×100×20 grid)

Sensing Range

Probability Q Best Mean Standard Deviation

1-2 28.0531 28.0764 0.0378
0.6 1-3 28.0543 28.0998 0.0517

1-4 28.0545 28.0560 0.0027

1-2 28.0538 28.0955 0.0422
0.7 1-3 28.0545 28.1372 0.0737

1-4 28.0545 28.1345 0.1386

1-2 28.0545 28.4431 0.3564
0.8 1-3 28.0545 28.4431 0.3564

1-4 28.0545 28.4431 0.3564

1-2 28.9500 29.2468 0.2888
0.9 1-3 28.9500 29.2468 0.2888

1-4 28.9500 29.2468 0.2888

value of Q is increased, the sensing range required for coverage with probability
0.6, 0.7 and 0.8 is much higher compared to that forQ=[1,2]. But there is no major
change in the sensing range requirement even for a higher probability requirement
of 0.9. The measured standard deviation shows that the method is a robust one.
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We also consider a 100 × 100 × 20 grid for experimentation to see how the
algorithm performs on a larger grid. Three instances of 100 targets being moni-
tored by 10 sensor nodes are considered. The results are reported as an average
of the sensing range required for these three instances. α is assumed to be 0.01.
Figure 3 clearly shows that there is no significant change in the sensing range
requirement for different values of Q. The slight variation in the sensing range
required can be seen in Table 2. With Q-coverage requirement, for probability
0.8 and 0.9, the sensing range required for Q values 1 to 2, 1 to 3 and 1 to 4
are the same. These results show that the algorithm is a reliable one even for a
larger grid.

6 Conclusion

In this paper, we consider deterministic deployment of sensor nodes for proba-
bilistic sensing model where the deployment locations are computed such that
the required sensing range is minimum and probabilisticQ-coverage requirement
is satisfied. Here, the number of sensor nodes is assumed to be limited. ABC al-
gorithm is used to computed the optimal deployment locations. We studied the
variation in sensing range for a range of detection probabilities (p), coverage
requirement (Q) and physical medium characteristics (α). The use of ABC al-
gorithm proves to be a reliable one since no significant change is observed in the
standard deviation of obtained sensing range among various runs for a larger
region or for higher values of Q. In future, we plan to study connected coverage
with probabilistic detection model.
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