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Abstract—In this paper, we study the source localization
problem in wireless sensor networks. Sensors transmit their
quantized signal amplitude measurements to the fusion center
and source location is estimated based on these quantized
measurements. In this paper, we propose an energy efficient
iterative localization scheme, where the algorithm starts with
a coarse location estimate obtained from a set of anchor sensors.
At each consecutive iteration, some of the non anchor sensors are
activated which minimize an approximate Posterior Cramer Rao
Lower Bound (A-PCRLB). Then, using the available information
received at previous iterations as side information, the quantized
data of each activated sensor is further compressed to conserve
energy using distributed data compression techniques prior to
transmission to the fusion center. Simulation results show that
the proposed iterative method achieves the same estimation
performance as when all the sensors transmit their quantized
data to the fusion center within a few iterations, while at the
same time significantly reducing the communication requirements
resulting in energy savings.

I. INTRODUCTION

Typically wireless sensor networks (WSN) are composed
of a large number of densely deployed sensor nodes that co-
operatively monitor the physical or environmental conditions
of a scene of interest such as temperature or velocity of an
object. Today WSNs are used in a wide range of application
areas such as battlefield security, surveillance, environment or
health monitoring, and disaster relief operations. In this paper,
we study the source localization problem where the aim is
to estimate the coordinates of a source emitting energy (e.g.
acoustic source).

In a region of interest (ROI), an accurate estimation of
the source location is possible by using the energy readings
of individual sensors [1], [2]. In [1], a maximum likelihood
(ML) approach is proposed by using analog sensor measure-
ments. Since sensor nodes have limited resources (energy,
bandwidth), it is imperative to limit the communication inside
the network. Therefore, rather than transmitting the analog
measurements, it is much preferable to quantize the sensor
measurements to multi-bit data prior to transmission. For this
reason, the ML approach for acoustic source localization has
been extended for multi-bit quantized data in [2]. In this
paper, we extend the method proposed in [2] by making it
more energy efficient. First, we employ a small number of
anchor nodes to obtain a coarse location estimate. Then, a
few sensors at a time are activated to refine the location
estimate in an iterative manner. Distributed compression is

also employed at the non anchor sensors to further reduce
the energy consumption.

In our method, we approximate the probability distribution
function (pdf) of the source location which is assumed to be
an unknown random variable at the fusion center. We first
define this approximate pdf after gathering M -bit data from
a small set of sensors which we call them as anchor sensors.
The rest of the sensors have measurements from the source but
they initially do not transmit their quantized measurements to
the fusion center. Then, we use the idea of sensor selection
similar to that presented in [3] and [4]. At each consecutive
iterations, our algorithm selects a number of non-anchor
sensors which minimize the PCRLB. Since we only know the
pdf approximately, we rename this PCRLB as approximate
PCRLB (A-PCRLB). We compare the performance of our
algorithm with the approximate Cramer-Rao Lower Bound (A-
CRLB) of the one shot location estimator where we substitute
the ML estimate of source location with the actual source
location. The one shot estimator requests multi-bit data from
all the sensors in the field.

When sensors are densely deployed in a region of interest
(ROI), the sensor measurements are likely to be spatially
correlated and this correlation can be utilized to compress
the quantized measurements of each sensor [5], [6], [7] to
reduce energy consumption. In this paper, we employ data
compression at each activated sensor prior to transmission.
Given the multi-bit data received at previous iterations and
the approximate pdf of location estimates, the fusion center
calculates the conditional entropy of those sensors which are
to be activated during an iteration. Then, the fusion center
requests the measurement in a certain number of bits which
is a function of the its conditional entropy. In here, the fusion
center also recovers the compressed multi-bit data of activated
sensors by using the previously received multi-bit sensor data
as side information.

In this paper, we propose an iterative algorithm where at
each iteration, using the present and past measurements we
update the A-PCRLB of the location estimate and the approx-
imate pdf of the estimated parameters. We keep activating the
non-anchor sensors iteratively until the A-PCRLB converges to
the A-CRLB of the one shot location estimate. In this scheme,
the fusion center is assumed to know the sensors locations
which is a reasonable assumption as the current technology
allows the determination of locations, e.g., [8]. A local sensor



does not need to know the joint distributions of the source
location estimates or other sensor measurements which are all
calculated at the fusion center. Simulation results show that
A-PCRLB at consecutive iterations finally converges to the
actual A-CRLB of the one-shot ML location estimate. Since
we do not need the measurements of the sensors that are far
away from the actual source location, the proposed iterative
algorithm provides large communication savings while intro-
ducing some latency.

The rest of the paper is organized as follows. In Section II,
we introduce the system model and review the ML location
estimation method presented in [2]. In Section III, we present
our iterative source localization method and in Section IV we
give some numerical examples. Finally, Section V is devoted
to our conclusions.

II. SYSTEM MODEL

Figure 1 depicts an example wireless sensor network con-
sisting of N sensors, {si, i = 1, 2, .., N} that uses a parallel
architecture where quantized measurement of each sensor can
be directly delivered to the fusion center. Suppose that a
signal (i.e. acoustic signal) is radiated from a position (x, y)
that follows an isotropic power attenuation model which is
provided later. The source energy measured at a reference
distance d0 is P0. Fusion center is assumed to know the
location of each sensor (si) given by (xi, yi). Distance between
(si) and the source location is di =

√
(x− xi)2 + (y − yi)2.

The received energy from the source denoted as a2
i at si is,

a2
i =

{
P0
dn

i
di > d0

P0 di 6 d0

(1)

where ai is the received signal amplitude at si and n is
the signal decay exponent. In this paper, we assume that the
reference distance d0 = 1m.

At each sensor, the received signal ai is corrupted by an
additive Gaussian Noise

ri = ai + wi (2)

where ri is the noisy signal measurement at si. Here we
assume that noise is independent and identically distributed
across sensors with Gaussian distribution with parameters
N (0, σ2). At each sensor, ri is then quantized into M bits.

A. Location Estimation with Quantized Data

We assume that each sensor sends its multibit (M -bit) data
to the fusion center over an error free channel. Di is the M-bit
quantized data of si which can take any discrete value from
0 to 2M − 1. We define the number of quantization intervals
as L = 2M . We assume that the set of quantization thresholds
for the ith sensor is ~ηi = [ηi0, ηi1, . . . , ηiL] where ηi0 = −∞
and ηiL = ∞. The quantization procedure for the ith sensor
is such that,
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Fig. 1. Wireless Sensor Network Model (Black Points: Sensor Locations,
Blue Circles:Anchor Sensors used for initial iteration, Green Squares: Acti-
vated Sensors after 7 iterations (p = 3 sensors are activated / iteration), Red
Star:Source)

Di =





0 −∞ < ri < ηi1

1 ηi1 < ri < ηi2

...
L− 2 ηi,(L−2) < ri < ηi,(L−1)

L− 1 ηi,(L−1) < ri < ∞

(3)

Given source location (x, y), and Gaussian noise assump-
tion, the probability that Di takes a specific value l is

p(Di = l|x, y) = pi,l(~ηi, x, y) = Q

(
ηil − ai

σ

)
−Q

(
ηi,(l+1) − ai

σ

)

(4)
where Q(.) is the complementary distribution function of the
standard Gaussian distribution.

Q(t) =
∫ ∞

t

1√
2π

e−
t2
2 dt (5)

After collecting data D from all the sensors in the network,
the likelihood function at the fusion center has the form,

p(D|x, y) =
N∏

i=1

L−1∏

l=0

pi,l(~ηi, x, y)δ(Di−l) (6)

where δ(l) is the Kronecker delta function and is defined as,

δ(t) =
{

1 t = 0
0 t 6= 0 (7)

The log-likelihood function of received data D is then,

ln p(D|x, y) =
N∑

i=1

L−1∑

l=0

δ(Di − l) ln[pi,l(~ηi, x, y)] (8)

Let θ = [x, y]T be the parameter vector to be estimated where
T is the transpose operation. Maximum likelihood estimation



(MLE) θ̂MLE can be written as the following optimization
problem:

θ̂MLE = arg max
θ

ln p(D|θ) (9)

Assuming the existence of an unbiased estimator θ̂(D), the
CRLB is given by,

E{[θ̂(D)− θ][θ̂(D)− θ]T } > J−1
d (10)

in which Jd is the 2× 2 Fisher information matrix (FIM). Let
Jd,ij denotes the ith row and jth column element of Jd, then,

Jd,11 = n2
N∑

i=1

κia
2
i d
−4
i (xi − x)2 (11)

Jd,12 = Jd,21 = n2
N∑

i=1

κia
2
i d
−4
i (xi − x)(yi − y)

Jd,22 = n2
N∑

i=1

κia
2
i d
−4
i (yi − y)2

where

κi =
1

8πσ2

L−1∑

l=0

γi,l

pi,l(~ηi, θ)

and

γi,l = [e−
(ηi,l−ai)

2

2σ2 − e−
(ηi,(l+1)−ai)

2

2σ2 ]2

Proof : See [2]

III. PROPOSED ITERATIVE SOURCE LOCATION
ESTIMATION ALGORITHM

A. Sensor Selection Method

In this paper, we follow an iterative PCRLB approach
while estimating the location of the source. Prior to the
transmission of anchor sensor decisions, the fusion center
has no information about the source location. To model this
uncertainty, we assume the source location θ = [x, y]T to be
a random vector, which follows a diffuse uniform probability
density function (pdf), namely

p(θ) =
{

1
b2 − b

2 ≤ x, y ≤ b
2

0 otherwise
(12)

where b is a very large number, so that there is negligible prior
information about the source location before the transmissions
of anchor sensor decisions. As b →∞, a diffuse prior causes
the posterior pdf of θ to be proportional to its likelihood
function and, thus, the maximum a posteriori (MAP) estimate
to coincide with the MLE. As a result, we use the MLE to
estimate θ based on all the available data in each iteration.

In the first iteration t = 1, let the set of m anchor sensors
sm = {s1, s2, ..., sm} send their data to the fusion center.
Given the multi-bit decisions of the m anchor sensors, we
have the ML estimate θ̂MLE

1 as,

θ̂MLE
1 = arg max

θ
ln p(D1, D2, ..., Dm|θ) (13)

Given θ, the FIM for this estimation problem has been
provided by (11), denoted as Jd,1(θ). It is well known that the
MLE is asymptotically unbiased, efficient, and Gaussian with
its mean being the true value of the parameter, and covariance
matrix provided by the CRLB matrix. Hence, we can use a
Gaussian pdf to approximate the true pdf of the MLE,

p(θ̂1|θ) ≈ N
(
θ̂1; θ, J−1

d,1 (θ)
)

≈ N
(
θ̂1; θ, J−1

d,1 (θ̂1)
)

(14)

where N (θ; µ,C) denotes a Gaussian pdf with mean µ and
the covariance matrix C. Also note that in the second step of
(14), J−1

d,1 (θ) has been approximated by J−1
d,1 (θ̂1). Now let us

derive the a posteriori pdf of θ once the MLE θ̂1 is available

p(θ|θ̂1) =
p(θ)p(θ̂1|θ)∫
p(θ)p(θ̂1|θ)dθ

=
1/b2p(θ̂1|θ)

1/b2
∫

p(θ̂1|θ)dθ

=
p(θ̂1|θ)
g(θ̂1)

(15)

where

g(θ̂1) =
∫

p(θ̂1|θ)dθ

=
∫
|2πJ−1

d,1 (θ̂1))|− 1
2 e−

1
2 (θ−θ̂1)

T Jd,1(θ̂1)(θ−θ̂1)dθ

= 1 (16)

Therefore, we have

p(θ|θ̂1) = p(θ̂1|θ)
= N (θ; θ̂1, J

−1
d,1 (θ̂1)) (17)

During the second iteration t = 2, fusion center needs to
activate non-anchor sensors that were idle in the previous itera-
tion. The fusion center selects q sensors from the idle (N−m)
sensors. Then, there are Comb(N − m, q) possible sensor
activation strategies where Comb(.) denotes the combination
operation. We select q sensors that maximizes the posterior
CRLB (PCRLB). At t = 2, the prior information regarding
θ is provided through p(θ|θ̂1). The total Fisher information
matrix corresponds to the PCRLB is

J2(k) = Jp,2 + Jd,2(k), (18)

where k = 1, 2, .., Comb(N − m, q). Due to the Gaussian
approximation made in (14) and (17), the prior information is

Jp,2 = Jd,1(θ̂1) (19)

and Jd,2(k) is nothing but the expectation of the standard FIM
contained in the data provided by the q sensors that are desired
to be activated, over the prior pdf of θ. Namely,

Jd,2(k) =
∫

Jd,2(k, θ)p(θ|θ̂1)dθ (20)



in which Jd,2(k, θ) can be easily calculated using (11). The
fusion center then decides on the sensor activation strategy
k∗ that minimizes the trace of J2(k)−1 which is basically the
sum of the approximate source location variances for both x
and y coordinates.

k∗ = arg min
k

trace{J2(k)−1} (21)

The selected strategy k∗ then activates q idle sensors
{s′1, ..., s′q}. At the end of the second iteration, the ML
estimate of the source location is updated as,

θ̂MLE
2 = arg max

θ
ln p(D1, D2, · · · , Dm, D′

1, · · · , D′
q|θ)

(22)
Again, after θ̂MLE

2 is obtained, similar to (17) the a posteriori
pdf of θ is

p(θ|θ̂2) = N (θ; θ̂2, J
−1
d,2 (θ̂2)) (23)

which in turn serves as the prior pdf for the third iteration. This
procedure will be carried out recursively. At each iteration, the
ML estimate based on available data and its corresponding
covariance matrix provide the prior information for the next
iteration, and an A-PCRLB is calculated in a manner analo-
gous to (18).

B. Sensor Data Compression Method

In the preceding section, we introduced the sensor selection
method. In this subsection, we describe the data compression
method which further reduces the communication require-
ments.

Given the pdf of the location estimates, probability of re-
ceiving a certain multi-bit decision Dj , (Dj ∈ {0, 1, .., L−1})
from the sensor desired to be activated s′j , j ∈ {1, 2, .., q} is
expressed as,

p(s′j = Dj) =

∫
p(s′j = Dj |θ)p(θ)dθ (24)

In addition to this, the prior data sp for the second iteration is
sp = sm. Then for the second iteration, probability of receiving
s′j = Dj given prior data has the form,

p(s′j = Dj |s1, ..., sm) =
∫

p(s′j = Dj |θ)p(s1, ..., sm|θ)p(θ)dθ∫
p(s1, ..., sm|θ)p(θ)dθ

(25)

where we used the fact that given the source location, the
sensor decisions are independent.

p(s′j = Dj , s1, ..., sm|θ) = p(s′j = Dj |θ)p(s1, ..., sm|θ) (26)

Ideally, using the information of {s1, ..., sm} as side infor-
mation, the multi-bit decision of s′j can be compressed using
H(s′j |s1, ..., sm) bits where,

H(s′j |s1, ..., sm) =

−
L−1∑

Dj=0

p(s′j = Dj |s1, ..., sm) log2 p(s′j = Dj |s1, ..., sm) (27)

We have assumed the MLE estimation error is approx-
imately Gaussian distributed. This assumption may not be

accurate, since MLE is only asymptotically Gaussian. This
is especially true in the first several iterations where the
amount of data from anchor and first few non-anchor sensors
is small. In order to overcome this, during the first few
iterations fusion center requests M -bit data from all activated
non anchor sensors until it reaches a satisfactory location
estimate. Let σxt , σyt be the standard deviations of the source
locations obtained from J−1

t . Then, once the standard devia-
tion of the source location reach some specified accuracy level
(σxt , σyt < γ), the fusion center requests each activated sensor
to compress its data to Bj bits.

In here, Bj denotes the compressed quantized measurement
of each activated sensor, which has to satisfy,

Bj > H(s′j |s1, s2, .., sm) j ∈ 1, 2, ..., q. (28)

If the estimation error satisfies the desired accuracy level for
compression, the fusion center requests,

Bj = dH(s′j |s1, s2, ..., sm)e (29)

bits from the sensors which are desired to be activated.
Each compressed sensor observation cj is obtained from its

actual M -bit observation Dj according to [5],

cj = Dj mod 2Bj (30)

In this work, we assume that cj is delivered to the fusion
center without any error.

At the fusion center compressed sensor measurements are
recovered as follows: First, the fusion center determines all the
possible multi-bit decisions D′

j which yield cj as a remainder
after the modulo 2Bj operation.

∀D′
j = l : cj = l mod 2Bj (31)

The multi-bit decision of each sensor is recovered with a
simple maximum a posteriori probability (MAP) rule,

l∗ = arg max
l

p(D′
j = l|s1, s2, .., sm) (32)

In here, the posterior probability density function p(D′
j =

l|s1, s2, .., sm) is defined as,
∫

Q(
ηj,l−âj(θ)

σ
)−Q(

ηj,l+1−âj(θ)

σ
)p(sm|θ)p(θ)dθ∫

p(sm|θ)p(θ)dθ
(33)

where p(sm|θ) = p(s1|θ)p(s2|θ)...p(sm|θ) and [ηj,l, ηj,l+1]
is the decision interval where sensor s′j decides on l. At
each iteration t, p(θ) = p(θ|θ̂MLE

t−1 ) is the prior pdf and
approximated as N (θ; θ̂MLE

t−1 , J−1
d,t−1(θ̂

MLE
t−1 )).

Then an iteration of the algorithm is completed. In Figure 2,
we summarize our algorithm. As the amount of information
about the source location increases, the estimation error on
source location decreases. The algorithm continues until the
A-PCRLB converges to the CRLB of the one-shot location es-
timator. The next section presents some illustrative examples.

IV. SIMULATION RESULTS

In this section, we first describe the simulation settings and
then present the numerical results.



Fig. 2. Flow chart of the algorithm.

A. Assumptions

In our examples, we consider the source energy and signal
decay factor as P0 = 25000 and n = 2 respectively. The
ML estimation for source location given in (9) is obtained
through MATLAB’s patternsearch optimization routine.
N = 19× 19 = 361 sensors are deployed in a 100× 100m2

field and the sensors are deployed in a grid where location
of each sensor is assumed to be known. The algorithm is
initialized with m = 4 × 4 = 16 anchor sensors and we
assume the source is located at (x, y) = (75m, 75m) as shown
in Figure 1. We use M = 5 and M = 6 bits to represent the
quantized measurements. The number of quantization level is
then L = 2M . We assume 0 as the minimum measurement
and

√
P0 as the maximum measurement captured from the

source. 2L−1 points which divide [0,
√

P0] evenly are selected
as the thresholds between the quantized decisions. The sensor
measurements less than 0 and more than

√
P0 are mapped to

0 and L − 1 respectively. We select γ = 1 that is if the A-
CRLB on σxt and σyt is below 1m., the algorithm employs
data compression as described in Section III.B, otherwise each
activated sensor continues to transmit its data in M bits. In
order to calculate (15), (21), (25) and (33), we use Monte Carlo
numerical integration method [9] with 106 samples within the
range xt ± 3σxt and yt ± 3σyt .

B. Numerical Results

We first investigate the conditional entropy of each sensor
given the measurements of the anchor sensors. In Figure 3,
we present the conditional entropies of the sensors in the
range X ∈ [55m, 95m],Y ∈ [55m, 95m]. We calculate the
conditional entropies of such 36 sensors given the M -bit
decisions of the m = 16 sensors. Only, for this simulation, we
select E[x] = x and E[y] = y and calculate the conditional
entropies accordingly. Simulation results show that the sensors
close to the actual source location have high entropies. As the
sensor distance from the source location increases, quantized
observations of the sensors tends to zero and whatever the side

information is, conditional entropy of such a sensor decreases
and goes to zero.
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Fig. 3. Conditional Entropy of idle sensors in the field given the multi-bit
decisions of the anchor sensors at the beginning of the first iteration. (a) M
= 5 bit, (b) M = 6 bit
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Fig. 4. M = 5, Black straight line with star markers is the CRLB for one shot
location estimator. A-CRLB at several iterations (Straight blue line with square
markers and dashed red line with circle markers are the mean of (a) : σx

and (b) : σy for q = 1,q = 3 sensor activations after 5 different trials.

In Figure 4, we compare our iterative scheme with the
one shot location estimator where each of the 361 sensors
sends M = 5 bit quantized information to the fusion center
at the same time. In Figure 4, we plot the mean of 5 different
trials of our algorithm with q = 1 and q = 3 sensor
activations per iteration. Simulation results show that, using
q = 1 sensor activation/iteration the A-CRLB achieved by
the iterative algorithm reaches the CRLB of the one shot
location estimator in about 7 iterations which requires 97 bit
transmission to the fusion center until the convergence (In here
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Fig. 5. M = 6, Black straight line with star markers is the CRLB for one shot
location estimator. A-CRLB at several iterations (Straight blue line with square
markers and dashed red line with circle markers are the mean of (a) : σx

and (b) : σy for q = 1,q = 3 sensor activations after 5 different trials.

16×5 = 80 bit transmissions are due to the the transmission of
anchor sensor decision at the first iteration). On the other hand,
activating q = 3 sensors per iteration reduces the convergence
time significantly and requires 4 iterations requiring on the
average transmission of 124.6 bits. When M = 5, the one
shot estimator requires M × N = 5 × 361 = 1805 bit
transmissions to the fusion center. In Figure 5, we simulate
the M = 6 case. With q = 1 sensor activation/iteration the
convergence is reached at 6th iteration and with q = 3 sensor
activation/iteration the convergence is reached at 3rd iteration.
For M = 6 bit quantization, one-shot estimator requires
M × N = 6 × 361 = 2166 bit transmissions to the fusion
center. On the other hand, until convergence, the iterative
algorithm requires 120 and 126 bits for q = 1 and q = 3
sensor activations/iterations respectively. The communication
and delay performance is summarized in Table I.

Note that the conditional entropies are calculated based on
the current location estimates (xt, yt). As M increases, the
range of a quantization interval [ηj,l, ηj,l+1] decreases signifi-
cantly. Therefore, we require a more accurate location estimate
to employ data compression and select a much lower value for
γ. Otherwise based on the current location estimates (xt, yt),
the data recovery process may yield misleading results. Instead
of employing a threshold to ensure a satisfactory location
estimation, one other way to solve this problem is to add some
additional bits to the calculated conditional entropy defined at
Eq. (22). But in this case, first iterations of the algorithm may
require more guard bits as compared to the rest of the iterations
as a result of large standard deviation of the location estimates.

V. CONCLUSIONS

In this work, we presented an iterative source localization
scheme where we first estimated the source location through
a small number of anchor sensors. Then we activate a number

TABLE I
COMMUNICATION/DELAY COMPARISON

Converged Total Number of Transmitted
at Iteration bits until convergence (on the Average)

M = 5, One-Shot 1 1805
M = 5, q = 1 7 97
M = 5, q = 3 4 124.6
M = 6, One-Shot 1 2166
M = 6, q = 1 6 120
M = 6, q = 3 3 150

of idle sensors in an iterative manner which minimize an
approximate PCRLB. Based on the accuracy of the location
estimates we calculate an approximate probability distribution
of the location estimates and compute the conditional entropies
of the activated sensors. Simulation results show that the
proposed iterative scheme approaches the CRLB of the one
shot location estimate within few iterations while significantly
decreasing the communication requirements.
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