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Abstract: The deployment of senor networks have attracted a lot of
attention recently. In essence this issue is concerned with how well a
sensing field is monitored by sensors to achieve a particular coverage.
In this paper, we propose a signal-strength-based approach to evaluate
how well a sensing field is covered/monitored. We first formulate object
tracking by a single sensor as a Gaussian-error model. Then we establish
an error model on location estimation given that the location of an
object is known. This leads to a model to evaluate a sensor network
with given locations of sensors. We then apply the result to several
applications, such as adding more sensor nodes for error reduction and
scheduling power modes (awake or sleep) of sensors, and demonstrate
our simulation results.
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1 Introduction

The rapid progress of wireless communication and embedded micro-
sensing MEMS technologies has made wireless sensor networks possible. A
wireless ad hoc sensor network has a collection of sensor nodes. Each sensor
node is a tiny device which has the ability to sense environment information,
process simple tasks, and communicate with neighbor nodes. Inter-sensor
communication typically follows the ad hoc model [15, 23], thus greatly facil-
itating installation and configuration of sensor networks. Such technologies
bridge the gap between the physical environment and the network. Using
their feedback mechanism, sensor networks have been developed for the use
in industrial, military, and environmental monitoring applications. Recently,
a lot of research activities have been dedicated to sensor networks, includ-
ing physical and medium access layers [20, 27], routing and transport layers
[7, 8], topology discovery [4, 5], time synchronization [6], and localization
[18, 25].

Since sensors are likely to be deployed in a random manner, the deploy-
ment of sensor networks have attracted a lot of attention recently. Various
versions of the coverage problem have been studied. In [12, 13], it is pro-
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posed to evaluate a sensor network by critical paths, such as the maximal
breach path, the maximal support path, and the minimal exposure path.
Reference [2] estimates the number of sensors required to achieve complete
coverage of a desired region. In [9, 10], algorithms for determining whether
each point in a 2D/3D space is sufficiently covered by at least k sensors are
proposed. The sensing coverage issue and communication connectivity issue
are together addressed in [26].

In this paper, we look at the sensor network deployment problem from
a different angle. We are concerned with the problem of evaluating a sensor
network that is particularly targeting at the location estimation application.
Different from most of the existing works, we assume that there are some
inherent errors associated with each sensor’s sensing capability due to factors
such as fading, shadowing, temperature, or humidity. The error degree is
usually modeled by a probability function that takes the distance between
a sensor and the object into consideration. A longer distance usually incurs
a higher level of errors. We propose a signal-strength-based approach to
evaluate how well a sensing field is monitored. We first formulate object
tracking by a single sensor as a Gaussian-error model. Then we establish
an error model on location estimation given that the location of an object
is known. This leads to a model to evaluate a sensor network with given
locations of sensors. We then apply the result to several applications, such as
adding more sensors for error reduction and scheduling power modes (awake
or sleep) of sensors, and demonstrate our simulation results.

The rest of this paper is organized as follows. In Section 2, we briefly
survey related work. In Section 3, we will describe the problem and details
of our error estimation model. In Section 4, we will extend our result to
several applications. Section 5 draws our conclusions.

2 Related Work

Both wireless sensor networks and wireless ad hoc networks have a sim-
ilar network architecture. However, wireless sensor networks are usually
constructed for more specific purposes, such as environment surveillance or
disaster detection. How to deploy sensors is not a trivial problem. For
instance, the environment surveillance applications require the sensing re-
gion to be well covered. In references [12, 13], it is proposed to evaluate
a sensor network by critical paths, such as the maximal breach path, the
maximal support path, and the minimal exposure path. In [12], the authors
apply computational geometry and graph-theoretic techniques based on the
Voronoi diagram and Delaunay triangulation to find the critical paths. In
[13], the exposure time that an object will be monitored by sensors is taken
into consideration.
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For location-aware applications, the sensor network has to provide not
only the occurrence of events, but also where the event is triggered. This
requirement can be satisfied by collaborating multiple sensors to perform
the triangulation algorithm [18]. Using triangulation, the location of the
triggered event can be estimated. The basic requirement of triangulation is
that the object must be tracked by at least three sensors at any time. This
leads to the study of the k-coverage problem [1, 9, 10, 26]. Some works are
concerned with maintaining both sensing coverage and network connectivity
[14, 19, 24, 26]. In this kind of works, each sensor is assumed to have a fixed
sensing range.

The binary detection model is usually used in the coverage problem.
Under this kind of model, the answer of the detection process can be easily
determined by the sensing range of sensors. However, models based on
probability assumptions could be more realistic to reflect real applications of
sensor networks. In [11], the authors propose a scheduling scheme based on
a probabilistic sensing model. Each sensor is assumed to be able to detect a
nearby event with a probability, which is affected by the distance between the
sensor and the location of the event. According to the coverage contributed
by all sensors, each sensor can schedule its power mode in a distributed
manner. Location estimation is another application which usually uses the
probabilistic model. In [16, 21], the authors use the received signal strength
indicator (RSSI) and apply a probabilistic model to estimate the locations
of sensors. In this scenario, most sensors have no idea about their own
locations, called unknown sensors. Few smarter beacon sensors are aware of
their locations and broadcast beacon packets, which consist of their location
information. Each unknown sensor uses the probabilistic model to estimate
its distances to neighboring beacon sensors and estimates its location by the
Bayesian inference. Another similar work is [22], where the distribution of
location error is approximated by a family of Weibull distributions.

Although there exist many solutions for the localization problem and
the sensor deployment problem, to the best of our knowledge, no much has
been done for the sensor deployment problem in particular for the location
estimation application. In this paper, we try to bridge these two essential
problems of sensor networks and then study how to evaluate the deployment
of a sensor network.

3 The Proposed Evaluation Model

We are given a sensing field A in which a set S of sensors is deployed.
The locations of sensors are known. We assume that the network is used for
location tracking, and our goal is to evaluate the location-tracking capability
of the network and define a notation called error degree ES to evaluate
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the sensor network. The discussion is separated into two parts: distance
estimation by a single sensor and error degree estimation of the whole sensor
network.

3.1 Distance Estimation by a Single Sensor

Each sensor estimates its distance to an object based on the received
signal strength indicator (RSSI). The model is described as follows. In
order to estimate the distance between a transmitter and a receiver, the
log-distance path loss model that has been used extensively in the literature
[17] is used:

PL(d) = PL(d0) + 10nlog(
d

d0
), (1)

where n is a path loss exponent which indicates the decreasing rate of signal
strength in an environment, d0 is a reference distance which is close to the
transmitter, and d is the distance between the transmitter and receiver. The
path loss function expresses the signal strength measured in dB. In general,
the exponent n is environment-dependent. In a free space, n is close to 2.
In more complicated environments, n will be larger.

Note that the model in Eq. (1) does not consider the factors in the
surrounding environment, such as interference, multipath, and fading, and
thus the path loss can only be considered as an average value. To take
these factors into consideration, it has been shown that the received signal
strength usually demonstrates a Gaussian normal distribution [17] with a
mean of PL(d). Hence, we take a probabilistic approach and model the
path loss as a random variable PL(d) by adding a zero-mean, variance-σ
Gaussian random variable N [0, σ] to it [17]

PL(d) = PL(d) + N [0, σ]

= PL(d0) + 10nlog(
d

d0
) + N [0, σ]

= N [PL(d0) + 10nlog(
d

d0
), σ]. (2)

Fig. 1(a) shows the probability distribution of PL(d) with respect to d when
PL(d) = 30 and σ = 11.

As a result, given that the object is at a distance of d from the sensor,
the probability that the observed path loss = L is

Prob(PL(d) = L)

=
1√
2πσ

exp(
−(L− PL(d))2

2σ2
). (3)
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Figure 1 (a) the probability distribution PL(d) when PL(d) = 30, σ = 11, and (b)
the probability distribution Prob (distance = d′) corresponding to (a) when n = 2, d0 = 1,

and PL(d0) = 10.

Since we model path loss as a random variable, each possible value of L will
be associated with a probability. Given any L, from Eq. (1), we can derive
a possible distance d′ from the sensor to the object:

L = PL(d) + 10nlog(
d′

d
). (4)

Hence, the probability that the detected distance is d′ given that the actual
distance is d is:

Prob
(
distance = d′

)

= Prob (PL(d) = L)

=
1√
2πσ

exp
(−(L− PL(d))2

2σ2

)

=
1√
2πσ

exp

(
−(10n log (d′

d ))2

2σ2

)
. (5)

For example, Fig. 1(b) shows the probability distribution of d′ corresponding
to the probability distribution of L in Fig. 1(a) when n = 2, d0 = 1, and
PL(d0) = 10. Note that in Fig. 1(b), the probability that d′ < 0 makes no
sense. We will truncate this part and normalize the probability in our later
derivation.

3.2 Error Degree Estimation of a Network

Next, we consider location estimation based on multiple sensors. We are
given a sensing field A in which there is a set S of n sensors {s1, s2, ...sn}.
Each sensor si, i = 1..n, is placed at a known location (xi, yi). Our goal is
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to develop a numerical model to estimate the location tracking capability
of the sensor network. First, given an object at a known location l, we
will derive an error function to model the expected distance between the
estimated location l′ of the object calculated by the sensor network and the
actual location l. Then the location tracking capability of the network is
modeled by the integral of the error function over all locations l in A.

Suppose that we are given an object at a known location l. Let the Eu-
clidean distance between l and each sensor si be di. As mentioned earlier,
the predicted distance between l and each sensor si is a random variable.
Specifically, let e be any location in A. The probability that sensor si esti-
mates that the location of l is at e, denoted by gi

l(e), is modeled by:

gi
l(e) =





1√
2πσ

exp(
−(10n log (dist(e,si)

di
))2

2σ2
)

if dist(e, si) ≤ R,
0 if dist(e, si) > R,

(6)

where dist(e, si) is the Euclidean distance between e and sensor si, and
R is the predefined maximum sensing range of each sensor. As a result,
the probability that all sensors consistantly predict that the location of the

object is at e is the product
n∏

i=1
gi
l(e). However, one flaw in the above

formulation is that the sum of all probabilities,
∑

e∈A

n∏
i=1

gi
l(e), is not 1. This

is because one sensor may predict that the location is at e while the other
may predict that the location is at a different e′. So we define the normalized
probability that all sensors predict that the location of the object is at e to
be

Gl(e) =

n∏
i=1

gi
l(e)

∑
e∈A(g1

l (e)× g2
l (e)× ...× gn

l (e))
. (7)

For example, in Fig. 2(a), there are three sensors, s1, s2, and s3, in a 5× 5
sensing region. The object is at location l = (2, 2). Using our distance
estimation model with environment parameters n = 2 and σ = 11, we can
derive the probability g1

o(l) for each possible location e estimated by sensor
s1, as shown in Fig. 2(b). Taking the estimations of all sensors into account,
the accumulated probability Gl(e) of each estimated location e is shown in
Fig. 2(c).

Next, we will develop an error model to characterize the location-tracking
capability of the sensor network S. Given an object placed at any location
l in A, we define the weighted error that the sensor network predicts that
the estimated location of the object is e to be

E1(l, e) = Gl(e)× dist(l, e). (8)
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Figure 2 (a) a sensor network with three sensors and an object at location (2, 2), (b)
the estimation g1

l (e) by sensor s1, (c) the estimation Gl(e) by all sensors, (d) the weighted
error degree E1(l, e).

We further accumulate all weighted error degrees at all possible estimated
locations and define the error degree given that the location of the object is
at l to be

E2(l) =
∑

e∈A

E1(l, e) =
∑

e∈A

(Gl(e)× dist(l, e)). (9)

Suppose that the intended tracking area is A. We define the overall error
degree for the sensor network S to monitor A to be integral of error degrees
incurred at all locations l, i.e.,

ES =
∑

l∈A

E2(l) =
∑

l∈A

∑

e∈A

E1(l, e). (10)

Consider the example in Fig. 2 again. Fig. 2(d) shows the weighted error
degree E1(l, e) of each location e derived from Fig. 2(c). The accumulated
weighted error is E2(l) = 1.4181, and the overall error ES = 31.6117.

To conclude, using the function ES , we can evaluate the deployment of
a sensor network S by a single value. Also, to evaluate the location tracking
capability of S at a particular location l, we can look at function E2(l) and
decide to add or remove some sensors. For example, a threshold value can
be used to determine the locations l that are not well monitored.
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(a) (b)

Figure 3 A sensor network with one sensor placed at (15, 25) and an object placed
at (20, 35). (a) shows Gl(e) by side view and (b) shows Gl(e) by top view.

4 Applications and Experimental Results

In this section, we will demonstrate some applications and experimental
results. First, we conduct some experiments to visualize the functions that
we have developed. Then, we discuss some applications of our results for
power-saving purpose.

4.1 Some Experimental Results

We use MATLAB to simulate a 50 × 50 region. If we place one sensor
at location (15, 25) and an object at (20, 35), Fig. 3 shows the probability
distribution of the estimated location of the object. Fig. 4 shows the prob-
ability distribution after one more sensor is added at (35, 25) in the sensor
network, and Fig. 5 shows the probability after another sensor is added at
location (40, 45). Note that in Fig. 5 the peak does appear close to the
actual location of the object.

In the next experiment, we consider more sensors being deployed in a
regular or irregular manner. In Fig. 6(a) and (b), sensors are deployed
randomly. In Fig. 6(c) and (d), sensors are deployed in square and triangle
manners. The results do show that regular deployments are better than
random deployments, which meets our intuition. This can be observed from
the highest E2(l) over all possible locations of l on the sensing field.

One application of our result is to help deploy more sensors in an envi-
ronment that is insufficiently monitored. Given a network deployment, we
can greedily add one more sensor to the location l such that E2(l) is max-
imized. Given more sensors, we can repeatedly apply this process to add a
series of sensors. For example, in Fig. 7(a), we randomly select one location
to deploy the first sensor and then deploy the following sensors based on
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(b)(a)

Figure 4 The probability Gl(e) after one more sensor is added at location (35, 25) to
the network in Fig. 3: (a) side view and (b) top view.

(a) (b)

Figure 5 The probability Gl(e) after one more sensor is added at location (40, 45) to
the network in Fig. 4: (a) side view and (b) top view.
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(a) (b)

(c) (d)

Figure 6 The error degree E2(l) under: (a) a random deployment (max{E2(l)} =
11.7026), (b) another random deployment (max{E2(l)} = 15.4023), (c) a square deploy-
ment (max{E2(l)} = 6.6831), and (d) a triangle deployment (max{E2(l)} = 7.7709).

the above greedy strategy. Fig. 7(b) compares the decreasing rates of the
maximum error degree for the greedy approach and a random approach.

4.2 Application: Scheduling Protocol for Power Saving

Our result can be used to schedule sensors’ on-duty time for power sav-
ing. Sensors may be deployed with redundancy. If a subset of sensors can
achieve a satisfactory level of location tracking capability, then the rest of
the sensors can be put into the sleep mode. On the contrary, as the network
is used for a while, some sensors may die and sleeping sensors may need to
be woken up to improve the location tracking capability of the network.

First, we propose a sleep protocol. We assume that there is a predefined
error upper bound τ that every location l in the sensor network must not
exceed, i.e., E2(l) ≤ τ . The protocol is a distributed one. Each sensor
computes its local Voronoi Diagram [3] by partitioning the sensor network
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(a) (b)

Figure 7 Simulation results: (a) the final result of the greedy approach after deploying
20 sensors, and (b) the value of max{E2(l)} using the greedy approach and the random
approach.

SLEEP PROTOCOL
1: Compute E2(l) for every location l in si’s Voronoi partition Pi.
2: if ( maxl∈Pi{E2(l)} ≤ τ ) then
3: Broadcast a Sleep Request message to each sensor in Ti.
4: if (si collects a Sleep Response message from each sensor in Ti before

timeout ∆t) then
5: Send a Sleep Confirmed message to each sensor in Ti.
6: else
7: Send a Sleep Canceled message to each sensor in Ti.
8: end if
9: end if

Figure 8 Sleep Protocol for Sensor si.

into a set of convex polygons such that all points in a polygon are closest
to the only sensor inside the polygon. Let Pi be the partition containing
sensor si and Ti be the set of sensors within the communication range of si.
The sleep protocol is triggered whenever Ti changes. In order to prevent a
sensor from waiting infinitely, we set a timeout ∆t. The details of the sleep
protocol can be referred to Fig. 8.

A sensor si whose responsible Pi does not exceed the error upper bound τ
is a candidate and can broadcast a Sleep Request message to its neighbors.
A sensor sj which receives the Sleep Request message will recompute sj ’s
local Voronoi diagram Pj by ignoring si. If the new partition Pj satisfies
the upper bound τ , sensor sj will send a Sleep Response message back to
si. If the sensor si collects all Sleep Response messages from Ti, then si will
consider itself as a redundant node and turns itself off by broadcasting a
Sleep Confirmed ; otherwise, a Sleep Canceled should be broadcast after the



A Probabilistic Evaluation Methodology for Sensor Network Deployment 13

AWAKE PROTOCOL
1: Compute E2(l) for every location l in si’s Voronoi partition Pi.
2: if (maxl∈Pi{E2(l)} > τ) then
3: Locationmax ← the location l with maxl∈Pi{E2(l)}.
4: Send a Wakeup message to the sleeping sensor sj which is closest to

Locationmax.
5: end if

Figure 9 Awake Protocol for Sensor si.

timeout ∆t.

The sleep protocol can move redundant sensors into the sleeping mode
for power saving. However, the sensor network may be insufficiently moni-
tored after a while because the upper bound τ is exceeded in some locations.
So we need an awake protocol to wake up some sleeping sensors. The awake
protocol is also a distributed one and is triggered when set Ti of sensor si

changes. On such an event, si will recompute error degrees in its manage-
ment area Pi. If there exists any location l whose error degree E2(l) is higher
than the upper bound τ , the sleeping sensor closest to the location with the
highest error will be woken up. Fig. 9 shows the detailed protocol. Note
that a sleeping sensor has to wake up periodically to check possible incoming
messages. (This is similar to most power-saving protocols in wireless ad hoc
network [27].) Also note that the awake protocol may be executed multiple
times until sufficient sensors are woken up.

5 Conclusion

In the paper, we have presented a new probabilistic model for evaluat-
ing sensor deployment for location tracking applications in wireless sensor
networks. We first derive a distance estimation model to translate the proba-
bilistic distribution from signal space into distance space. Then, for location
tracking requirement, we propose a probabilistic location estimation model
to describe the possible location of objects in the environment. We define
the error degrees of a location and of the whole sensor network reflect lo-
cation tracking requirement. Finally, we show how to apply the proposed
models to power-saving applications. Although we use location tracking as
a particular application in our derivation, we believe that the model may be
applied to other applications too.
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