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In this paper, the performance of source extraction in bandwidth constrained wireless sensor networks
are evaluated. The sensor observations are assumed to be linear instantaneous mixtures of the sources
in a sensing field. Two sensor network models are adopted, namely, cluster-based and cluster-free. In clus-
ter-based sensor networks, the cluster members quantize their observations and send the quantized data
to the cluster head. Then, the cluster head performs local source extraction, quantizes the extracted sig-
nal, and sends the quantized data to the sink. Finally, the sink performs global source extraction. Both
single-cluster and multi-cluster cases are considered. In cluster-free sensor networks, all sensors quan-
tize their observations and send the quantized data to the sink. Then, the sink performs global source
extraction. The results show that sources can be effectively extracted in both kinds of sensor networks.
The performance of source extraction in sensor networks is comparable to that of the benchmarking case
where the sensor observations are perfectly gathered at the sink. The impact of the mixing matrix and the
amount of available observations on the performance are also discussed.

� 2008 Elsevier B.V. All rights reserved.
1. Introduction

With the recent development of smart electronic devices and
advanced wireless communication technologies, sensor networks
have become a new platform for a variety of application-oriented
tasks, such as military surveillance, intelligent transportation,
automated agriculture, etc. Sensor networks are usually composed
of a large number of small sensors which are connected by wireless
links. These sensors are battery-powered and have the limited
capability of sensing, computation, and communication. Therefore,
when designing a sensor network for practical use, the inherent
energy and communication bandwidth constraints of sensors, as
well as noise and distortions introduced by wireless channels,
should be carefully dealt with [1].

The study of the classical signal processing problems in wireless
sensor networks such as detection, estimation, and target tracking
grow rapidly in recent years. With a shift from the centralized par-
adigm to the decentralized one, new results are derived. Many re-
search works have dealt with the problem of distributed
estimation in wireless sensor networks. For example, universal
decentralized estimation schemes have been proposed [2–4]. In
these works, a set of distributed sensors and a fusion center coop-
erate to estimate an unknown parameter with the performance
being measured by the mean-squared error criterion. To our
ll rights reserved.

.-B. Chen), encktse@polyu.
knowledge, little work has been devoted to the problem of source
separation/extraction in wireless sensor networks.

The problem of source separation/extraction has been studied
in signal processing community and neural network community
for nearly two decades. A great number of mixing models and
source separation algorithms have been proposed. A tutorial re-
view of this problem can be found in [5] and references therein.
In the problem setup, it is assumed that data collected by sensors
in a large sensor array are gathered at a fusion center perfectly. The
fusion center performs source separation/extraction only based on
the collected data without the exact knowledge of the sources and
the mixing matrix. Some basic assumptions on the sources and the
mixing matrix are required, e.g., the sources are mutually indepen-
dent. Source extraction is a special case of source separation. In
brief, the former is to extract the sources one by one and the latter
is to separate the sources simultaneously. An example illustrating
how source extraction can be done is evident in [6].

In this paper, we study the problem of source extraction in
wireless sensor networks. Two sensor network models are
adopted, namely, cluster-based and cluster-free. In cluster-based
sensor networks, both single-cluster and multi-cluster cases are
considered. Simple schemes are proposed and a fast fixed-point
algorithm with pre-whitening is used to extract the sources. The
performance of source extraction in both kinds of sensor networks
are evaluated by extensive simulations.

Sensor networks have some unique characteristics in compari-
son with sensor arrays. For example, the communication band-
width of sensors are limited so that data collected by sensors
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should be quantized before transmission. In addition, data should
be transmitted through noisy and distorted wireless channels.
These unique characteristics make source extraction in sensor net-
works a challenging problem.

The remainder of the paper is organized as follows. In Section 2,
the problem of source extraction in wireless sensor networks and
the benchmarking case are stated. The source extraction algorithm
is described in detail in Section 3. In Section 4, two issues relating
to the problem of source extraction in sensor networks, namely,
the impact of the mixing matrix and the amount of available obser-
vations on the performance, are discussed. Section 5 presents the
simulation results and Section 6 concludes the paper.

2. Problem statement

2.1. Source extraction

The study of the source separation/extraction problem usually
starts from a mixing model. There are mainly three kinds of mixing
models reported in the literature, i.e., instantaneous linear mixing,
convolutive mixing and non-linear mixing. We consider the sim-
plest one, i.e., instantaneous linear mixing, which is shown in
Fig. 1. A set of J sources in a sensing field are observed simulta-
neously by a set of N sensors. The signals observed by the sensors
are represented by

xnðtÞ ¼
XJ

j¼1

anjsjðtÞ þ vnðtÞ; n ¼ 1; . . . ;N ð1Þ

where xn is the nth observation, sj is the jth source, vn is the nth
additive noise which is uncorrelated with vp (p – n) and is also
uncorrelated with the sources, anj is the unknown mixing coeffi-
cients. We assume that the mixing is time-invariant in a sampling
duration (t = 0, . . .,L � 1). Sensors are densely deployed in the sens-
ing field, so that N > J. Without loss of generality, we assume that
the sources are stationary, mutually independent, non-Gaussian
and zero-mean. Also the N � J mixing matrix A = [anj] is of full col-
umn rank. The mixing model (1) can be rewritten in a vector form

X ¼ AS þ V ; ð2Þ

where X = [x1, . . .,xN]T,S = [s1, . . .,sJ]T,V = [v1, . . .,vN]T, T denotes the
transposition. Source extraction is achieved by finding an extraction
vector u which makes uTX being equal to one of the sources up to a
scale.

2.2. Benchmarking case

When source extraction is performed in sensor arrays, data col-
lected by the sensors are perfectly gathered in a fusion center. In
this case, source extraction is performed based on X. The perfor-
mance of source extraction in this case will be used as a benchmark
to evaluate the performance of source extraction in sensor
networks.
s1 x1

xN

s2 x2

sJ

v1

v2

vN

mixing
matrix

A

Fig. 1. Instantaneous linear mixing model.
2.3. Sensor network model

We now consider the problem of source extraction in sensor
networks. Two representative sensor network models are adopted
which are suitable for source extraction, namely, (a) cluster-based
and (b) cluster-free. In model (a), K sensors in the network act as
cluster head and other sensors play the role of cluster member.
Thus, K clusters are formed in the sensor network. In each cluster,
the cluster members quantize their observations and send the
quantized data to the cluster head through additive white Gaussian
noise (AWGN) channels. Then, the cluster head performs local
source extraction, quantize the extracted signal, and send the
quantized data to the sink through a fading channel. Finally, the
sink performs global source extraction based on the received data
from all the cluster heads. In model (b), all sensors quantize their
observations and send the quantized data to the sink though fading
channels. The sink performs source extraction based on the re-
ceived data from all sensors. The details of sensor placement and
cluster formation are not considered here. Instead, the following
assumptions are made: (1) The sensor network has been deployed
in advance; (2) In the cluster-based sensor network, the clusters
have been formed. The cluster-based sensor network excludes
the necessity of transmitting all raw sensor observations to a re-
mote sink which is the case in cluster-free sensor networks thus
is more energy-efficient, but requires some more powerful sensors
acting as cluster head.

3. Source extraction algorithm

To achieve source extraction, sufficient sensor observations must
be transmitted to the cluster head or the sink. Power and bandwidth
limitations constrain the reliable transmission of sensor observa-
tions in wireless sensor networks. To account for the bandwidth con-
straint, quantized instead of original version of sensor observations
are transmitted with unit power. Transmission power control is not
explored here and readers may refer to [7] for details. The source
extraction algorithm is made up of three parts: quantization of sen-
sor observations, local extraction, and global extraction.

3.1. Quantization of sensor observations

The following quantization method is with respect to model (b)
and that for model (a) can be derived in a likewise manner. Sup-
pose the sensor observations are bounded to the interval [�W,W]
and the number of quantization bits for sensor i is M (1 6 i 6 N).
First, xi is normalized to the range [0,1] by a linear transformation

~xi ¼ ðW þ xiÞ=2W : ð3Þ

Then, local independent quantizers Qi : ~xi#Fið~xi;MÞ are de-
signed and ~xi is quantized sample by sample, where Fið~xi;MÞ is a
discrete message of M bits and can be represented by

ð~xi � qiÞjt ¼
XM

m¼1

bm2�m; bm ¼ 0;1 ð4Þ

Fið~xi;MÞ ¼ b1 . . . bM ; ð5Þ

where qi is the ith quantization noise with non-zero mean. Note
that in model (a), the observation of the cluster heads need not
be quantized. Each cluster head performs local source extraction
based on its own observation and the received quantized data from
the cluster members in its cluster.

3.2. Local extraction

In model (b), local extraction is not needed. In model (a), the
cluster members send the quantized data to the cluster head bit
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by bit in each cluster. We assume that the transmissions from the
cluster members to the cluster head in each cluster are over
orthogonal channels so that interference can be ignored. Local
extraction in each cluster are likewise, so the following description
are with respect to one cluster. The cluster head (denoted by sen-
sor /) will receive a total of Nk � 1 noisy quantized messages
which are denoted by

zi;m ¼ Fið~xi;MÞm þwi;m; m ¼ 1; . . . ;M ð6Þ

where Nk is the number of sensors in the kth cluster, wi,m is AWGN.
The original mixed signals xi are reconstructed at sensor / and are
denoted by ~zi, where

~zi ¼ 2W
XM

m¼1

zi;m2�m þ 1
2Mþ1

 !
�W: ð7Þ

After reconstruction of the mixed signals, sensor / performs lo-
cal source extraction based on x/ and the reconstructed mixed sig-
nals ~zi (distorted, ~zi � xi). Though the mixed signals are distorted,
their waveforms retain many original features, thus making source
extraction possible [8]. There are many classical algorithms for
source extraction. We choose the fast fixed-point algorithm [9] be-
cause it is very simple and fast converging. In each round, it can ex-
tract one independent non-Gaussian source from the mixture
regardless of their probability distributions. By ‘‘round” we refer
to an operation cycle in which a signal frame with length L is ex-
tracted. Let Y ¼ ½x/; ~z1; . . . ; ~zNk

�T . Before source extraction, to reduce
the effect of noise, Y is centered (subtracting its mean value) and is
pre-whitened [10]. The pre-whitening process is shown as follows.

� Estimate the sample covariance bRð0Þ from L samples of the cen-
tered Y. We assume that the samples are ready for use and do
not care how the samples are retrieved. This is common in the
study of source separation/extraction problems.

� Take an eigen-decomposition of bRð0Þ. Denote the J largest eigen-
values of bRð0Þ by k1, . . .,kJ and the corresponding eigenvectors by
h1, . . .,hJ.

� Estimate the noise variance which is the average of the N � J
smallest eigenvalues of bRð0Þ and denote it by r̂2. Then, the
pre-whitening matrix is P ¼ ½ðk1 � r̂2Þ�1=2h1; . . . ; ðkJ � r̂2Þ�1=2hJ�T .

The whitened vector is denoted by Z = PY. The fast fixed-point
algorithm is then implemented by the following steps.

� Choose a random initial vector u(0) of norm 1. Set s = 1.
� Start iteration: u(s) = E{Z(u(s � 1)TZ)3} � 3u(s � 1), where E(�) is

the expectation operator and is numerically calculated by the
average of samples.

� Divide u(s) by its norm.
� If ju(s)Tu(s � 1)j is not close enough to 1, let s = s + 1, and iterate

again. Otherwise, stop iteration and output the vector u(s). It is
known that u(s)TZ is equal to one of the sources.

3.3. Global extraction

In model (a), the cluster head quantizes the extracted signal and
sends the quantized data to the sink through a fading channel. The
locally extracted signals are denoted by ŝj; j ¼ 1; . . . ; J. The range of
ŝj is normalized to [�1,1] for the convenience of pulse code modu-
lation (PCM) encoding [11] in the following. As 8-bit is adequate to
represent the signal, we design an uniform PCM quantizer:
ŝj#Fjðŝj;8Þ, where Fjðŝj;8Þ is a discrete message of 8 bits. Divide
[�1,1] into 256 even intervals and denote these intervals by
b8 . . . b1 from ‘‘00000000” to ‘‘11111111”. By mapping each sample
point of the normalized ŝj to these intervals, we get the PCM codes
of each sample point. Replace ‘‘0” with ‘‘�1” of the codes to facili-
tate the latter application of the constant modulus algorithm
(CMA) [12] and rearrange the bits in order of sample points into
a sequence b. After PCM encoding, the cluster head sends the quan-
tized data bit by bit to the sink through a fading channel. We as-
sume that communications between the cluster heads and the
sink are over independent flat fading channels. The signal received
by the sink from either cluster head can be written as

r� ¼ g�b� þ x�; � ¼ 1; . . . ;8L ð8Þ

where g� is the fading channel gain and x� is AWGN [13]. The dis-
torted sequence received by the sink is denoted by r. At the sink,
the CMA is used for channel equalization and bit recovery. The
CMA is a stochastic gradient algorithm and is described by

cðlþ 1Þ ¼ cðlÞ � lrðlÞdðlÞðjdðlÞj2 � 1Þ; ð9Þ

where l denotes the iteration step, l is a small positive parameter, c
is the tap weight vector, and d(l) = c(l)r(l). This algorithm is easy to
implement and has good convergence property provided that c(0)
and l are carefully chosen. Generally, c(0) is a large positive value.
The recovered bit sequence is denoted by b̂ and is determined by
the following rule: If d(l) > 0, then b̂ðlÞ ¼ 1; else b̂ðlÞ ¼ �1. PCM
decoding is done based on the recovered bits (to replace ‘‘-1” with
‘‘0” in advance). By rearranging these bits into 8 � L sequences
and mapping each segment of 8 codes to the intervals, we get the
value of each sample point as the average of the two borders of
the corresponding interval. The globally extracted signal corre-
sponding to the jth source is denoted by cj.

In model (b), each sensor quantizes its observation and sends
the quantized data to the sink through a flat fading channel. The
signal received by the sink originating from sensor i is represented
by

Ci;m ¼ gi;mFið~xi;MÞm þ xi;m; k ¼ 1; . . . ;M ð10Þ

where gi,m is the fading channel gain and xi,m is AWGN. The CMA is
used for channel equalization and bit recovery. The recovered mth
bit corresponding to sensor i is denoted by Ki,m. The original mixed
signals xi are reconstructed at the sink and are denoted by ~zi, where

~zi ¼ 2W
XM

m¼1

Ki;m2�m þ 1
2Mþ1

 !
�W : ð11Þ

The sink performs source extraction based on the reconstructed
mixed signals ~zi. The source extraction algorithm is similar to that
in Section 3.2 and the details are omitted for brevity.

4. Discussions

In this section, we discuss two issues relating to the problem of
source extraction in wireless sensor networks. The first issue is
whether the performance varies with the mixing matrix. Sensors
are densely deployed in the sensing field, so the sensor observa-
tions are correlated. However, the correlations are different with
different mixing matrices. The second issue is motivated by the
fact that possibly not all sensor observations can be available at
the cluster head or the sink. It would be interesting to reveal
how the amount of available observations would affect the
performance.

4.1. Impact of mixing matrix

Suppose that two sensor observation sets are denoted by
X = {X1, . . .,XL} and ! = {!1, . . .,!L}. The zero-lag cross-correlation
[14] between them is defined by w = E{Xm!m}, m = 1, . . .,L. In the
benchmarking case, the correlations between the sensor observa-
tions depend on the mixing matrix and the variances of the
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sources. In wireless sensor networks, sensor observations are
quantized before transmission and are turned into bit sequences.
Then, they are reconstructed at the cluster heads in model (a) or
the sink in model (b). According to the quantization process, we
derive that ~zi ¼ xi � 2Wðqi þ

PM
m¼1wi;m2�m þ 1=2Mþ1Þ in model (a)

and ~zi ¼ xi � 2Wðqi þ 1=2Mþ1 þ riÞ in model (b), where ri captures
the error introduced by bit recovery. qi (or ri) are independent of
each other and are also independent of xi. It is thus known that
quantization of sensor observations introduces a noise term to
the mixed signals but it does not affect the correlations between
the sensor observations. It was declared in [15] that the fast
fixed-point algorithm has the equivariant property for the noise-
less mixing model, i.e., the performance of the algorithm does
not rely on the mixing matrix [16]. However, it has not been veri-
fied by experiments yet. In the next section, we will show how the
mixing matrix would affect the performance for both noiseless and
noisy mixing models.

4.2. Impact of amount of available observations

In the foregoing discussion, we have assumed that all cluster
members can transmit their observations to the cluster head or
all sensors can transmit their observations to the sink. However,
it is possible that only some of the observations can be transmitted.
In model (a), in the local extraction procedure, suppose that R sen-
sors can transmit their observations to the cluster head in the kth
cluster. If R P Nk, then all sensors can transmit in that cluster.
Otherwise, the kth cluster head broadcasts a beacon signal to acti-
vate R cluster members in its cluster. In the global extraction pro-
cedure, we assume that all cluster heads can transmit data to the
sink. In model (b), suppose that R sensors can transmit their obser-
vations to the sink. If R P N, then all sensors can transmit. Other-
wise, the sink broadcasts a beacon signal to activate R sensors.
The number of activated sensors should be no less than the num-
ber of sources so that the sensor observations are sufficient for
source extraction.

Due to the equivariant property of the fast fixed-point algo-
rithm, a random activation strategy is adopted which makes each
cluster head activate R cluster members randomly in its cluster
in model (a) or the sink activate R sensors randomly in model
(b). The task of seeking more effective activation strategies is
out of the scope of this paper and may be of interest for future
works.
5. Simulation results

We provide an example to illustrate the performance of source
extraction in both kinds of sensor networks. Two chaotic signals
are used as sources, one being generated by a logistic map and
the other by Chebyshev map, i.e., s1ðtÞ ¼ 1� 2s2

1ðt � 1Þ;
s2ðtÞ ¼ cosð4 arccosðs2ðt � 1ÞÞÞ. The mixing coefficients are ran-
domly generated from a standard normal distribution. We assume
that the AWGN levels are identical for all sensors in the network.
The correlation coefficient criterion is adopted to evaluate the per-
formance, which is commonly used [17] and is defined by

fj ¼
j
PL�1

t¼0 cjðtÞsjðtÞjffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPL�1
t¼0 c2

j ðtÞ
PL�1

t¼0 s2
j ðtÞ

q : ð12Þ

The correlation coefficient of the source and the locally
extracted signal is denoted by fe. The correlation coefficient of
the source and the globally extracted signal is denoted by fr. Monte
Carlo simulations are run independently for b times. In this study,
we choose b = 50. The results will not change significantly when b
increases.
5.1. Fully available observation

In this case, all sensor observations are reconstructed at the
cluster head or the sink. First, sensor network model (a) is simu-
lated. If fe P 0.9 and fr P 0.8, it is said that a source has been suc-
cessfully extracted. This criterion is based on our observation that
if fe P 0.9 and fr P 0.8, the globally extracted signal is sufficiently
close to the source. The total number of successful extraction is re-
corded. A new indicator called success rate is defined as the ratio of
the total number of successful extraction to b and is denoted by q.
If a source is successfully extracted at the sink based on the re-
ceived data originating from either cluster head, the source is said
to be extracted successfully.

(1) The residual error of the locally and globally extracted signal
are defined as ve

j ¼ ŝj � sj and vr
j ¼ cj � sj, respectively. Note

that the locally and globally extracted signals should be
scaled when calculating the residual errors. With
N = 30,M = 4 and SNR = 20 dB, the sources are plotted in
the first row of Fig. 2, the residual errors of the locally
extracted signals ŝ1 and ŝ2 in the second row, and the resid-
ual errors of the globally extracted signals c1 and c2 in the
third row. It can be seen from Fig. 2 that the residual errors
are small, which indicate that the sources are successfully
extracted.

(2) The success rate q versus N (with M = 4 and SNR = 20 dB), M
(with N = 30 and SNR = 20 dB), and SNR (with N = 30 and
M = 4) are shown in Fig. 3. The results of the benchmarking
case are plotted in Fig. 3 for comparison. We can see from
Fig. 3 that the performance of source extraction in model
(a) is comparable to that of the benchmarking case.

(3) With N = 30, M = 4, SNR = 20 dB, and all sensors being uni-
formly distributed in the clusters without overlapping, the
success rate q versus the number of clusters K is shown in
Fig. 4. We can see from Fig. 4 that the success rate q
increases with K, and approaches 1 when K reaches about 6.

Second, sensor network model (b) is simulated. Only global
extraction is involved in this model, so the success criterion is re-
duced to fr P 0.9. The success rate q versus N (with M = 4 and
SNR = 20 dB), M (with N = 30 and SNR = 20 dB), and SNR (with
N = 30 and M = 4) are shown in Fig. 5. The results of the corre-
sponding benchmarking case are plotted in Fig. 5 for comparison.
We can see from Fig. 5 that the performance of source extraction
in model (b) is also comparable to that of the benchmarking case
and the trends of q versus N, M, and SNR are similar to those in
model (a) with single cluster.

Third, the impact of the mixing matrix on the performance is
investigated. Let us take model (b) as an example. The parameters
are set as L = 1000, N = 3, M = 4, and SNR = 20 dB. The mixing ma-
trix varies run by run. The average cross-correlation w and the
maximum fr are shown in Fig. 6. We can see from Fig. 6 that for
the noisy mixing model, the maximum fr fluctuate around the
baseline and the fast fixed-point algorithm also possesses the equi-
variant property approximately. The maximum fr of the bench-
marking case are less affected by the mixing matrix than those of
the proposed scheme because the performance of source extrac-
tion in sensor networks are affected by many other factors than
that in the benchmarking case. It is expected that when L is suffi-
cient large, the maximum fr will be more or less stable on the
baseline.

5.2. Partially available observation

In this case, only some of the sensor observations are recon-
structed at the cluster head or the sink. The parameters are set
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as N = 30, M = 4, SNR = 20 dB. For model (b), the success rate q ver-
sus R is shown at the first row of Fig. 7, while for model (a), q versus
K with R = 2 is shown at the second row of Fig. 7. The results of the
fully available observation case are plotted in Fig. 7 for comparison.
We can see from the first row of Fig. 7 that the case of partially
available observation degrades the performance. As R gets larger,
the performance of the partially available observation case ap-
proaches that of the fully available observation case asymptoti-
cally. Also it is shown that increasing R may not always bring
better performance. From the second row of Fig. 7, we see that
the gap between the partially available observation case and the
fully available observation case gets smaller as K increases. When
K approaches 5, they are close to each other.

6. Conclusions

The performance of source extraction in two kinds of sensor
networks have been evaluated, which are shown to be compa-
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rable to that of the benchmarking case. In cluster-based sensor
networks, the performance is greatly improved by adopting the
multi-cluster structure. Besides, the impact of the mixing matrix
and the amount of available observations on the performance
are discussed. The results show that for the noisy mixing model,
the fast fixed-point algorithm also possesses the equivariant
property approximately. The performance of the partially avail-
able observation case can approach that of the fully available
observation case asymptotically even with random activation
of sensors. In cluster-based sensor networks, the performance
gap between the partially available observation case and the
fully available observation case decreases as the number of clus-
ters increases.
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