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Abstract—In this paper, we consider the problem of using
wireless sensor networks (WSNs) to measure the temporal-spatial
profile of some physical phenomena. We base our work on two
observations. First, most physical phenomena are compressible
in some transform domain basis. Second, most WSNs have
some form of heterogeneity. Given these two observations, we
propose a nonuniform compressive sensing method to improve
the performance of WSNs by exploiting both compressibility and
heterogeneity. We apply our proposed method to real WSN data
sets. We find that our method can provide a more accurate
temporal-spatial profile for a given energy budget compared with
other sampling methods.

Index Terms— Compressive sensing (CS), heterogeneity,
nonuniformal sampling, sample schedule, wireless sensor
networks.

I. INTRODUCTION

N THIS paper, we consider the problem of using wireless

sensor networks (WSNs) to measure the temporal-spatial
profile of some physical phenomena in an energy efficient
manner. Much work [7], [9], [21] has been done in improving
the efficiency of WSNs in the past decade. The key distinction
of this paper is that we exploit compressibility and hetero-
geneity to derive a nonuniform compressive sensing method
to improve the performance of WSNs. More specifically, the
nonuniform compressive sensing method that we propose can
give a more accurate temporal-spatial profile for a given energy
budget compared with other methods.

Our work is based on two hypotheses. Firstly, we assume
that most physical phenomena are compressible in some
transform domain basis. This is also the assumption behind the
recently proposed theory of compressive sensing (CS), which
is an efficient signal reconstruction method that can recover a
signal from a small number of samples [3], [4]. This is also
the assumption behind a number of recent work [1], [5], [14],
[18] on using compressive sensing to improve the operations
of WSNs. Secondly, we assume that each WSN has some
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form of heterogeneity. As an example, for a rechargeable WSN
using solar energy, some nodes have a lower energy harvest
rate because of the presence of shadowing; these nodes have
a lower energy harvest rate compared to those nodes whose
solar panels are not obstructed [12], [23]. In addition, it is
possible for nodes in a rechargeable WSN to have different
initial amount of energy [10].

Given these two hypotheses, we propose a nonuniform com-
pressive sensing (NCS) method to improve the performance of
WSNs by exploiting both compressibility and heterogeneity.
We demonstrate how NCS can be exploited using WSN
which is powered by solar energy and the dominant form of
energy consumption is sensing. Furthermore, we investigate
two fundamental questions on the performance of NCS.

1) What is the probability of accurate signal recovery with
the NCS framework?

2) What is the benefit of introducing NCS into WSNs? In
particular, we want to know the amount of improve-
ment NCS can make in improving the accuracy of the
temporal-spatial profile for a given energy budget.

To answer the first question, we formally derive the proba-
bility that NCS can recover a sparse signal exactly. Although
our theoretical results show that NCS has a lower recovery
probability compare with uniform sampling based compres-
sive sensing, we will show using real WSN data that the
reconstruction accuracy of NCS and uniform sampling based
compressive sensing are similar.

In order to answer the second question, we evaluate the
proposed NCS extensively with a real WSN application
dataset, which features resource heterogeneity. We present a
distributed implementation of NCS framework that introduces
very little communication overheads, and show that, compared
to previously proposed approaches based on traditional CS and
sparse approximation respectively, NCS achieves similar sig-
nal approximation accuracy but with significantly less energy
consumption.

The rest of this paper is organized as follows. Section II
discusses assumptions (signal compressibility and resource
heterogeneity). In Section III, we discuss the basic setup of
the problem and the background knowledge of CS, which
is followed by the introduction of the notion of NCS and
the derivation of the probability of signal accurate recovery
by NCS in Section IV. We evaluate and study proposed
NCS framework by the dataset from a WSN deployment,
which features resource supply heterogeneity in Section V.
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We discuss prior work in Section VI. Finally, Section VII
concludes this paper.

II. ASSUMPTIONS

WSNs are deployed to obtain an accurate temporal-spatial
profile of some physical phenomena, e.g., temperature, humid-
ity, wind speed, and/or wind direction [15], [23]. In this paper,
we make the following two assumptions on the behavior of
WSNs for nonuniform Compressive Sensing (NCS) architec-
ture.

Assumption 1: The signals (or physical phenomena) moni-
tored by WSNs are compressible in some transform domains.
Common examples of transform domains include Discrete
Cosine Transform (DCT), wavelets or Haar wavelet.

Assumption 1 implies that the sampling frequency and
spatial distribution of sensors are high enough to capture any
temporal and spatial correlation in the usually slowly-varying
underlying environmental state of interest [20], and we will
formally defined compressible signal in Section III.

Assumption 2: There is heterogeneity, e.g., the energy sup-
ply (harvest) rate and/or energy consumption rate, in the
WSNs, and we can exploit the heterogeneity to increase the
performance (e.g., increase network duty cycles and lifetime)
of WSNs.

We will introduce a real application in Section V, where
NCS exploits heterogeneity in solar energy harvest rate to
improve the performance of WSNs. We believe that these two
assumptions are not restrictive at all and can be satisfied by
most WSNE.

An important argument that we will make in the follow-
ing section is that, due to the heterogeneity of the WSNs,
the probability distribution for making sampling decision
should be nonuniform. Furthermore, we will demonstrate that
nonuniform sampling has a better performance compared with
uniform sampling.

III. BASIC SETUP AND BACKGROUND ON
COMPRESSIVE SENSING

We point out in the previous section that heterogeneity
in resource supply or resource consumption is a common
phenomenon in WSNs. Given this heterogeneity in resource
supply or consumption in WSNs, we propose that nonuniform
sampling can be a tool that we can exploit to improve the
performance in such WSNs. In particular, we want to show
that, by using nonuniform sampling, we can, for a given energy
budget, improve the accuracy of the temporal-spatial profile
obtained from WSNs.

In order to realise this goal, we need to develop a model
to understand how nonuniform sampling affects the accuracy
of the temporal-spatial profile obtained. If we have such a
model and if we also know the energy consumption of a
particular nonuniform sampling pattern, then we will be able to
determine good sampling patterns that give accurate temporal-
spatial profile for a given energy consumption. Therefore, in
Section IV, we will develop a model to show how nonuniform
sampling affects the accuracy of the temporal-spatial profile.
The model that we will develop uses compressive sensing
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as the building block. The aim of this section is two-fold.
Firstly, we present a basic setup of the problem and review
some results in compressive sensing which is necessary for
the development in Section IV.

We begin with setting up the problem. Consider a wireless
sensor network with N nodes where each node measures a
number of physical phenomena, e.g. temperature, humidity,
wind speed, wind direction. We will consider one physical
phenomenon at a time. Let x;; denote the value of a particular
physical phenomenon at sensor i (wherei = 1, ..., N) and time
t (where t = 1, ..., T). The complete temporal-spatial profile
of a physical phenomenon consists of # = NT values of x;;
withi =1,..., Nandt =1, ..., T. It is obviously good to have
the complete temporal-spatial profile since this provides the
maximum amount of information. However, this means that
all sensor nodes will need to sample at all time and this can
result in high sampling or transmission energy consumption.
In order to lower the energy consumption, we do not require
all the sensors to sample the physical phenomenon at all time.
If the value of a physical phenomenon x;; is not measured
(or sampled) by sensor j at time 7, we will predict the value
of xj; from those sensor readings that are available.

In the following discussion, we will collect all the values of
Xj; into a n x 1 vector x where each element of x corresponds
to the value of the physical phenomenon at a particular sensor
at a particular time. We will assume some of the elements of
the vector x are known (i.e., an element of x is known if the
corresponding sensor samples at the corresponding time) and
the goal is to predict the unknown elements of x from those
that are known. A key idea behind the prediction method is to
exploit the fact that most physical phenomena are compressible
in some transform basis, e.g. Fourier, DCT, wavelets etc.
A signal x € R" is said to be compressible in a transform basis
P, if the coefficients of the x in the basis @ decays according
to the power law. In order to define this more precisely, we
specify a transform basis ¥ by a n x n matrix ¥ whose
columns are the basis vectors. In this case, the coefficients of
x in the basis ¥ is given by the vector g where x = ¥g. Let us
rearrange the elements in g in decreasing order of magnitude,
lglay = 1gl@) = ... = |glm), then x is compressible if the
following condition holds:

Iglgy <Ck™P Vk=1,..,n (1)

for some p > 1 [4] and some constant C. We will use
data collected from real wireless sensor networks to show
that physical phenomena such as temperature, humidity, wind
speed and wind direction are compressible.

We now explain how compressive sensing method, such as
the one described in [3], can be used to estimate the unknown
elements in x from those that are known. Let us assume that m
elements of x are known and the indices of these m elements
in x are ki, ko, ..., k. Let Q be the set of the indices of the
samples, i.e., Q = {ky, ko, ..., kp}. Let also I € R"*" denote
the identity matrix. We define I be a m-by-n matrix such that
the k-th row of I is also a row in I if k¥ € Q. With this defin-
ition, the vector Iox € R™ contains the known elements of x.

The compressive sensing method in [3] says that one can
estimate the unknown elements in x given Igx (i.e., the
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known elements in x) and the fact that x is compressible
in the transform domain ¥ by solving the following linear
programming problem:

X = ¥y where y = arg m]iRn lylli st Ig¥Py =Igx. (2)
yeR"

For the case where the vector x is sparse (note: a vector
x is sparse if its transform in some domain contains a small
number, say S < n, of nonzero coefficients), [3] gives some
theoretical results on how the probability of recovering the
vector x successfully depend on m, see [3] for further details.
Although the above result is stated for sparse vectors, it has
been successfully applied to real-life data (which is generally
not sparse, but compressible) such as magnetic resonance
imaging [3]. In practice, the above result can be applied to
compressible signal if we interpret the number of nonzero
coefficients S in the sparse signal as the number of dominant
coefficients in the compressible signal.

The compressive sensing method described above assumes
that exactly m out of n (where m << n) elements of
the vector x are sampled. The key difficulty of using this
method in wireless sensor networks is that a good amount of
co-ordination is needed by the nodes to ensure that exactly
m elements of x are sampled. In the next section, we will
introduce two sampling methods such that we do not require
exactly m elements of x are sampled, rather, we require the
mean number of samples is m. Such probabilistic methods
require a less co-ordination among the nodes and are more
suited for distributed implementation. Furthermore, such type
of probabilistic sampling methods have not been studied and
are a key contribution of this paper.

IV. NCS WITH SPARSE MATRIX

This section considers the following data recovery problem:
given that a number of elements of the vector x € R”
are known, the goal is to recover the unknown elements
of x using the knowledge that the vector x is sparse in a
known transform basis. Our aim is to derive the probability
of recovering x successfully under two different models of
sampling the elements of x, namely uniform Bernoulli model
and nonuniform Bernoulli model. Note that the analytical
result is proved for sparse signal, but in practice the result
is applicable to compressible signal as mentioned earlier. We
first define the problem more precisely.

A. Problem Definition

Given an unknown vector x with n elements, we first
sample a number of elements of x and then use these sampled
elements together with the fact that x is sparse in a known basis
to cover the unmeasured elements of x. In this paper, we will
consider two different probability distributions for sampling
the elements of x.

Let us first formally define the two different sampling
distributions. Let d; € {0, 1} be a random variable that denotes
whether the k-th element of x is sampled, i.e., oy = 1 if the
k-th element of x € R” is sampled (and is therefore known),
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otherwise d; = 0. In the following, m € [0, n] and my, € [0, n]
(1 < k < n) are parameters of the sampling distributions. We
consider the following two probability distributions for d.

1) Uniform Bernoulli Model: P[oy = 1] = m/n where
P[E] denotes that the probability that event E occurs.
The probability distributions of d1,..., J, are assumed to
be independent.

2) Nonuniform Bernoulli Model: P[6y = 1] = my/n such
that >/, m; = nm. The probability distributions of
01,..., Op are assumed to be independent.

Note that in the above models, m, my,..., m, are parameters
chosen by the users. It is readily seen from the above defi-
nitions that the uniform Bernoulli model is a special case of
the nonuniform Bernoulli model, however, we will generally
assumed that the m;’s in the nonuniform Bernoulli model take
on different values. Lastly, note that the number of sampled
elements in x using the above sampling models can vary from
0 to n, however, the average number of sampled elements is
always m for both models.

We assume that the vector x is compressible in the trans-
form basis ¥ where the columns of ¥ form the basis vectors
of the transform basis. Let  be the set of the indices of the
samples, i.e., Q = {k € [1,n]: o = 1}. Let also I € R"*"
denote the identity matrix. We define I be a |Q|-by-n matrix
such that the k-th row of I is also a row in Ig if £k € Q
(i.e., oy = 1). With this definition, the vector Igx € RI€
contains the sampled elements of x.

We will attempt to recover the unknown elements in x
(i.e., those elements that are not sampled) by using basis
pursuit, i.e., by solving the linear programming problem shown
in Eq. (2).

In the following we will give results on how the probability
of successfully recovering x by using basis pursuit when € is
generated by the uniform and nonuniform Bernoulli models.

B. Results

Before stating the results, we will need to define a few
additional notation. Let 8 be the coefficients of the vector x in
the basis P, i.e., x = V6. Since x is assumed to be sparse in
Y, the vector @ is sparse. Let S denote the number of nonzero
coefficients in 8. In addition, we denote the coherence between
the identity matrix and the basis ¥, by u(¥). Following
[3], u(¥) is given by /n max;; y;; where y;; is the
(i, j)-element of V.

Corollary 1: If the uniform Bernoulli model is used to
generate the indices of the samples € and the basis pursuit
method (2) is used to recover the vector x, then with a proba-
bility exceeding 1 — d, it is possible to recover x successfully
provided that

o (15 () ) e ()
m > Ky~ max | |S], log 5 log 5 3)

for some small constant K. g

Note that the proof of Corollary 1 can be extracted from the
proof in [3]. Although the result in [3] is stated for choosing m
rows uniformly from I to form the measurement matrix Ig (in
other words, exactly m samples of x are sampled), the proof
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relies on using the uniform Bernoulli model as an intermediate
step.

For the case of nonuniform Bernoulli model, the probability
of recovery is lowered than that of the uniform Bernoulli
model. The degradation in recovery probability is stated in
the following proposition.

Proposition 1: If the uniform Bernoulli model is used to
generate the indices of the samples Q and the basis pursuit
method (2) is used to recover the vector x, then with a
probability exceeding 1 — xJ (where k¥ > 1), it is possible
to recover x successfully provided that

m > K u” max (|S|, log (%")) log (%”) 4)

for some small constant K. The value of x depends on m,
msy,..., m, and m, and is given by

k= II}_ ki 5)
where
M ifmg >m
BT iy < m ©)
O

C. Proof of Proposition 1

For a given n, there are 2" different sampling patterns
depending on whether each element is sampled or not. We will
denote these 2" sampling patterns by Ay with 0 <k <2" —1
where the k-th sampling pattern Ay is (Jik, ..., Opk) With
k=" ou2i-l

Let Q; and Q; denote, respectively, the uniform and
nonuniform Bernoulli sampling distributions described in
Section IV-A. Let Failure[€21] and Failure[€2;] denote, respec-
tively, the event that the uniform Bernoulli and nonuniform
Bernoulli sampling method will fail to recover the unknown
vector X. We can express the probability of these two events
as

2"—1

P[Failure(Q;)] = Z P[Failure(Ay)]Pg, [Ak] 7
k=0
21

P[Failure(Q;)] = Z P[Failure(Ay)1Pq, [ A] ®)
k=0

where P[Failure(Ag)] is the probability that sampling pat-
tern Ay does not lead to successfully recovery. In addition,
P, [Ax] and Pq,[Ax] are, respectively, that the sampling
pattern Ay is drawn under the uniform Bernoulli model Q;
and the nonunifrom Bernoulli model 5.
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By using equations (7) and (8), it can be shown that

2" —1
> P[Failure(A)]Po,[As]
k=0
2"—1
Z P[Failure(A)|Pq, [Ax]
k=0
2"n—1
Z P([Failure(A)1Pq, [Ar]
k=0

P[Failure(Q,)]

Po,[Af]
Po, [Af]

IA

Pq,[A]

max ——

Ar Pa [Ak]
Pa,[Ar]

= P[Failure(Q1)] nﬁx m )

Therefore, the probability of failure using the nonBernoulli
model is Pq,[A]/Pq,[Ak] (which will be denoted by «)
times worse than that of the uniform Bernoulli model. It can
be shown that x is equivalently given by

i I (G5 + (1 =01 — =5))
aeel0, 1 k=1,...n TI_ (05 + (1 = ) (1 — 7))
G (1 — ) (1 — ™

I n_ 10
=1 S (o - 1) (10

It can be shown that the expression on the right-hand-side
is maximised if d is chosen to be 1 if m; > m, otherwise
should be chosen to be 0. This shows that x is given by the
expression in Proposition 1.

Although Proposition 1 shows that the probability of exact
reconstruction for nonuniform compressive sensing is lower
than that of uniform sampling, we will show using real WSN
data in the next section that the performance degradation is
negligible.

V. NCS APPLICATION: ENERGY NEUTRAL OPERATION
FOR RECHARGEABLE WSNS

In this section, we evaluate the performance of the proposed
NCS framework in a rechargeable WSN whose nodes have
different solar harvest rates. The dominant form of energy
consumption in this WSN is sensing. We will demonstrate
how NCS can be used to produce accurate temporal-spatial
profile for a given energy budget while maintaining energy
neutral operation.

A. Application Description and Experiment Setup

We consider the application of WSN in rainforest monitor-
ing at the Springbrook National Park, which is is part of a
World Heritage precinct in Australia. A WSN of 200 nodes
is to be deployed at Springbrook by 2011 with the aim to
collect microclimate data for improving the understanding of
the rainforest restoration processes. The WSN deployment will
be completed in three phases, where the phase one deployment
has already been completed. Fig. 1 shows the eight nodes
deployed in phase one.

Wind speed and wind direction are two important indicators
to monitor the rain forest restoration process, therefore each
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Fig. 1.

Sensor locations of the Springbrook WSN.

of the nodes in the phase one deployment contains these two
types of wind sensors. These wind sensors consume substantial
amount of energy. In particular, their energy consumption is
higher than the radio [19]. Therefore, sensing (or sampling)
is the dominant form of energy consumption for each sensor
node.

TABLE I
AVERAGE SOLAR ENERGY HARVEST RATES OF THE NODES

Node ID | Harvest Rates (mA/min)
1 13

0| A N | K| W[
—_

Energy supply is a major design constraint in the Spring-
brook deployment. In order to cope with the high-energy
demand of the wind sensors, each node is equipped with a
solar panel to recharge the battery. A key feature of this WSN
is that there is a variation in the solar harvesting rate at each
node. For nodes out in the open, i.e., not overshadowed by
trees, such as node 1-4 and 6-8 in Fig. 1, the solar energy
harvesting rate is high. However, for node 5 in Fig. 1, which is
situated deep inside the forest, its solar energy harvesting rate
is only 5% of the daily solar energy harvest rate of those nodes
out in the open. Table I shows the average solar current harvest
rates of these eight nodes. Table I also shows that this WSN
monitoring application meets Assumption 2 of NCS because
of energy supply heterogeneity in the sensor nodes. Intuitively,
the node that has a higher energy supply can sample more.

The sampling interval for the wind sensors at the Spring-
brook site is 5 minutes. We used one month of data which has
8,448 snapshots of both wind speed and wind direction sensor
data. Note that a snapshot is the collection of sensor readings
at a given time instance. Therefore, a snapshot of wind speed
consists of the 8 wind speed readings from the 8 sensors. As
in [19], we used a signal of length 1,024, which is made up
by “vectorizing” a set of 128 snapshots—this corresponds to
choosing N = 8, T = 128 and n = 1,024 in Section III.
The 8,448 (= 66 x 128) snapshots are divided into 66 data
segments and we apply NCS to each data segment in turn. The
presented results are the average over these 66 data segments.
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Fig. 2. (a) Compressibility of the DCT coefficients of the wind speed and
(b) wind direction signals.

We begin by checking that Assumption 1 (Section II) on
the compressibility of the signal holds. We therefore studied
the compressibility of the wind sensor data in a number of
sparsifying bases including DCT, wavelets (Haar, Symlets) and
Fourier. For both wind speed and wind direction, by computing
the representation of all the data segments in these sparsifying
basis, we observed that out of all the bases, the coefficients
in the DCT have the quickest decay. In order to demonstrate
the compressibility of the signal, we need to show that the
coefficients decay like power law as Eq. (1). In Fig. 2, we
plot both the DCT coefficients and power law decay, and it
can be seen that the DCT coefficients lie below the power law
curve. Therefore, the wind speed and direction signal satisfies
Assumption 1, and both assumptions of NCS have been met.
Apart from the heterogeneity and sparsity assumptions, to
gaurantee an accurate recovery using uniform or nonuniform
Bernoulli sampling, the coherence (Section IV-B) of the basis
¥ should be small. From [3], we know that coherence must
be in the range of [1,./n] and it can be shown that the
coherence of the DCT matrix is +/2, which is close the the
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lower limit of possible coherence values. Given our sensing
data is compressible in the DCT domain, Bernoulli sampling
should work well with our data.

B. Distributed Implementation

A centralized approach of energy-aware workload (or sam-
pling rate) allocation typically increases the amount of com-
munications between the nodes and the base station which
consumes transmission energy. In this section we present a
distributed implementation of NCS, where nodes locally make
sampling decision without frequent communication with the
base station and thus save the additional energy required by
the centralized approach for base to node communication.

Given each data segment consists of data collected from
N sensors over T sampling instances, and assume that an
application needs to collect on average m samples (out of a
total of n = NT samples for each data segment) in order to
meet the reconstruction accuracy requirement. In NCS, node
J samples at a rate of m ;/n. This sampling can be conducted
locally using the steps as follows:

Step 1: Node j (j =1, ..., N) generates a random variable
o; using the following distribution function at each sampling
time instance:

+1 with prob. 7g;,

9j = - .
0  with prob. 1 — 7 gj,

(1D
where g; is the ratio of the energy of a node to the total energy
of the nodes, ie., g; = E]-/Z;-Vzl E; and E; is the energy
harvest rate at node j.

Step 2: If 6; = 1, node n; samples at that time instance
and transmits its measurements to the base station.

The above steps mean that: (1) Node j samples at a rate
of mj/n = m/Tg;. (2) The term g; is proportional to the
energy harvest rate of node j, thus heterogeneity in energy
harvest rate will automatically produce nonuniform sampling
in the network.

After every T sampling instances, the base station can use
the measured samples collected from the sensors to reconstruct
the unknown (i.e., not sampled) data in each data segment
using the method described in Section IV. Note that the
expected number of samples to be collected for each data
segments (with n = NT data points) is m.

Note, in our distributed implementation, the sensor nodes
need to know the values of m and T. They also need to share
the values of their energy harvest rates (E;) among them.
The communication overhead of NCS is very little because
these values do not need to be updated frequently (e.g., once
per day). For example, the value of m is set whenever the
application reconstruction requirement is known.

C. Evaluation Results

We now evaluate the performance of NCS framework
using the wind speed and wind direction data collected from
the Springbrook WSN. We will compare the performance
of 4 schemes. The first one is the nonuniform sampling
scheme based on nonuniform Bernoulli sampling proposed in
Section IV with the sampling rate of each node determined by
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Fig. 3.  Reconstruction accuracy comparison of different schemes with
(a) wind speed and (b) wind direction signals.

the method in Section V-B. The second scheme a previously
proposed nonuniform sampling method EAST [19], which
also leverages the energy supply heterogeneity of rechargeable
WSNs to support nonuniform sample schedules. However,
instead of compressive sensing, EAST is based on a simplified
AMS sketching coding/decoding for signal reconstruction. For
the reason of completeness, the third scheme to be compared is
UEST, which is based on a uniform sample schedule and AMS
sketching coding/decoding schemes [22]. The fourth scheme
is the uniform Bernoulli scheme in Section IV where each
node samples with a probability of m/n.

We first compare the reconstruction accuracy of a data
segment (i.e., x € R" with n = NT) against the fraction of
data points (= m/n) used (It is important to point out that the
comparison here does not take into consideration whether the
network has sufficient energy to collect the samples given by
data fraction m/n. The aim here is to study the reconstruction
performance if a given fraction of data is available. The actual
amount of data that a network can collect depends on the
sampling scheme and will be discussed later in the section).
We measure the reconstruction accuracy by using the relative
error in reconstructing the vector x. Fig. 3 shows the recon-
struction accuracy of different sampling schemes (uniform
Bernoulli, nonuniform Bernoulli, UEST and EAST) against
different fraction of data points for both wind speed and wind
direction data. The figure shows that uniform Bernoulli and
nonuniform Bernoulli (both of which are based on compressive
sensing) perform significantly better than UEST and EAST
(both of which are based on AMS decoder). CS-based methods
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Fig. 4. Reconstruction error of (a) wind speed and (b) wind direction signals.

outperform nonCS methods because AMS-decoder needs more
data than compressive sensing to achieve the same level of
reconstruction accuracy as shown in [22]. Fig. 3 also shows
that nonuniform Bernoulli performs very close to uniform
Bernoulli, and the difference in relative approximation error
is less than 0.2 when a fraction of data points equal to 0.5.
This shows that the nonuniform Bernoulli can achieve almost
the same accuracy as uniform Bernoulli if the same amount
of data is available.

Furthermore, we are interested in the impact of nonuniform
sampling on the signal reconstruction accuracy at each node.
Fig. 4 shows the mean and standard deviation (among different
time snapshots) relative approximation error of all nodes
on both wind speed and direction signals using nonuniform
Bernoulli sampling with the fraction of data points fixed at
0.3. Fig. 4 shows that node 5 does not have the maximum
relative approximation error, though the node has the minimum
energy level. Therefore, nonuniform sampling schedule has
no significant impact on the signal reconstruction accuracy of
different nodes.

The above evaluation shows that uniform and nonuniform
Bernoulli sampling have comparable reconstruction accuracy

IEEE SENSORS JOURNAL, VOL. 13, NO. 6, JUNE 2013

but the evaluation does not consider whether the WSN has
sufficient energy to sustain the sampling operation. We now
impose the additional requirement that the WSN should have
energy neutral operation, i.e., the power consumption of each
node must be less than the harvest rate of that node. We
base our calculations on the solar harvest rate in Table I.
We find that uniform Bernoulli sampling can only sustain a
sampling rate, expressed as the fraction of data points m/n,
of merely 0.1 but nonuniform sampling can achieve 0.5. An
explanation of the difference is as follows. First note that
node 5 in the network has a low energy harvest rate (see
Table 1), so node 5 can only use a low sampling rate. Recall
that uniform sampling requires that each WSN node uses the
same sampling rate and given that node 5 can only use a low
sampling rate, this forces all nodes in the network to use a
low sampling rate of 0.1 to achieve uniform sampling and
energy neutral operation. However, for nonuniform sampling,
the network only has to maintain an overall average sam-
pling rate but each node can have a different sampling rate.
As a result, nonuniform sampling achieves an overall sampling
rate of 0.5, with node 5 sampling at a lower rate while other
nodes sampling at a higher rate. This heterogeneous sampling
pattern allows an overall higher sampling rate compared with
uniform sampling while maintaining energy neutral operation
at each node. If we now return to the reconstruction results
in Fig. 3 and let us focus on wind speed data. Given that
uniform sampling can only achieve a sampling rate of 0.1, its
reconstruction error is 0.37. However, nonuniform sampling
can realize a rate of 0.5, its reconstruction error is only 0.125.
The same discussion also applies to wind direction. There-
fore, by exploiting heterogeneity, nonuniform sampling can
achieve a better reconstruction accuracy (lower approximation
error).

Another evaluation which has been published in [25] is
based on the datasets from Intel Berkeley lab which is public
on the web. We exploit heterogeneity of the ETXs (the
expected number of transmission). The results also support our
claim: non-uniform compressive sensing will achieve better
reconstruction accuracy with the same energy budget.

VI. RELATED WORK

There are a number of prior works on investigating how
compressive sensing can be used to improve the efficiency
of wireless sensor networks, e.g., [1], [5], [14], [18]. The
key difference between [1], [S], [14] is how the network
acquires compressive sensing projections, which are linear
combinations of the sensor readings. This paper [1] suggested
to compute these projections by using an additive medium
access control channel. While both papers [5], [14] acquire
projections by using message passing, this paper [14] acquires
projections by constructing an aggregation tree but this paper
[5] uses adaptively compressive sensing to choose the pro-
jection coefficients. A common theme of [1], [5], [14] is to
efficiently acquire projections in WSNs. This paper [18] has
a different emphasis from the other three in that if focused
on finding a good basis, i.e., it studies the choice of basis
matrix ¥ (see Section III). Our work in this paper differs
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from these four papers in two aspects. Firstly, all these four
papers assume that sensors sample the physical phenomenon at
each sampling instance but we consider nonuniform sampling
in this paper, which means that some sensors do not sample
at certain sampling instances. Secondly, these four papers
assume that energy consumption in the WSNs is dominated
by wireless transmissions, however, we consider different case
where energy consumption can be dominated by sensing.

The CS based methods discussed earlier use a dense projec-
tion matrix, which requires all the data points a signal vector to
be collected. However, since only a few projections need to be
transmitted, the proposed methods could save the transmission
energy. Our CS implementation is different from the earlier
methods since we use a sparse projection matrix and thus do
not require to collect all the data points of the signal vector.
A CS based data gathering approach is presented in [17] which
investigates the impact of a routing topology generated sparse
projection matrix on the accuracy of the approximation. Our
work is different from theirs since our projection matrix is not
based on the routing topology rather it is populated based on
the energy profile of the sensors.

Different techniques apart from CS have been used in
the past to enable adaptive sesning exploiting the temporal,
spatial or spatial-temporal [2], [6], [8], [13], [24] correlation of
the signal. Though both our sensing/transmission approaches
exploit the temporal-spatial correlation of the data points, we
have considered nonuniform energy profile of the sensors,
which is different from the existing literature.

Work presented in [12] and [16] propose harvest-aware
sampling approaches, where sensors are assigned sampling
workload based on their harvested energy level. However, the
focus of these papers are not on signal approximation from
the network.

Work presented in [19] uses nonuniform sampling to
improve the efficiency of solar powered WSNs whose energy
consumption is dominated by sensing. However, unlike CS, the
algorithm proposed in [19] named EAST, is based on a sparse
approximation method called “sparse random projections”
proposed in [22]. In Section IV compare the performance of
EAST against the algorithm proposed in this paper and we find
that our proposed algorithm in this paper outperforms EAST.

Communication overhead heterogeneity has also been
exploited to extend sensor network lifetime in [11] and [10].
However, [11] is designed to satisfy an application’s accept-
able tolerance of aggregation queries (such as min, max,
sum, mean) with imprecise and inaccurate samples. On the
other hand, NCS is designed to recover the whole signals
with some approximation errors. The authors assume there
are heterogenous sensor nodes, with heterogeneous radios and
initial energy supplies, in the networks [10]. NCS can work
with sensor networks that have homogenous radios and initial
energy supplies.

VII. CONCLUSION

In this paper, we consider a large scale wireless sensor
network (WSN) measuring spatio-temporal correlated physical
phenomena, i.e.,, compressible signals. At the same time, we
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also consider that there is there is heterogeneity in resource
supply in the WSNs, which is a common phenomenon. We
proposed a a framework to address the problem of heteroge-
neous sensor sample schedule (nonuniform sampling) signal
reconstruction by extending Compressive Sensing (CS) theory,
to exploit the heterogeneity in a WSN that monitor com-
pressible signals, in order to improve network performance.
We prove that, similar to its uniform sampling counterparts,
nonuniform CS can also recover compressible signal accu-
rately with a high probability. We evaluated proposed NCS
with a real WSN application, which has resource supply
heterogeneity. We presented a distributed implementation of
NCS framework that introduced very little communication
overheads, and show that, compared to previously proposed
approaches based on traditional CS and sparse approximation
respectively, NCS achieved similar signal approximation accu-
racy with significantly less samples (energy consumption).

REFERENCES

[1] W. Bajwa, J. Haupt, A. Sayeed, and R. Nowak, “Joint source-channel
communication for distributed estimation in sensor networks,” IEEE
Trans. Inf. Theory, vol. 53, no. 10, pp. 3629-3653, Oct. 2007.

[2] C. Alippi, G. Anastasi, M. D. Francesco, and M. Roveri, “An adaptive
sampling algorithm for effective energy management in wireless sensor
networks with energy-hungry sensors,” IEEE Trans. Instrum. Meas.,
vol. 59, no. 2, pp. 335-344, Feb. 2010.

[3] E. Candes and J. Romberg, “Sparsity and incoherence in compressive
sampling,” Inverse Problems, vol. 23, no. 3, pp. 969-985, Apr. 2007.

[4] E. J. Candes and J. Romberg, “Practical signal recovery from random
projections,” Proc. SPIE, vol. 5674, pp. 76-86, Mar. 2005.

[5] C.T. Chou, R. Rana, and W. Hu, “Energy efficient information collection
in wireless sensor networks using adaptive compressive sensing,” in
Proc. IEEE 34th Conf. Local Comput. Netw., Oct. 2009, pp. 443-450.

[6] A. Deshpande, C. Guestrin, S. Madden, J. Hellerstein, and W. Hong,
“Model-driven data acquisition in sensor networks,” in Proc. 13th Int.
Conf. Very Large Data Bases, vol. 30. 2004, pp. 588-599.

[7]1 D. Ganesan, R. Govindan, S. Shenker, and D. Estrin, “Highly-resilient,
energy-efficient multipath routing in wireless sensor networks,” ACM
SIGMOBILE Mob. Comput. Commun. Rev., vol. 5, no. 4, pp. 11-25,
Oct. 2001.

[8] H. Gupta, V. Navda, S. Das, and V. Chowdhary, “Efficient gathering of
correlated data in sensor networks,” ACM Trans. Sensor Netw., vol. 4,
no. 1, pp. 1-31, 2008.

[91 W. R. Heinzelman, A. Chandrakasan, and H. Balakrishnan, “Energy-

efficient communication protocol for wireless microsensor networks,”

in Proc. 33rd Annu. Hawaii Int. Conf. Syst. Sci., Jan. 2000, p. 8020.

W. Hu, C. T. Chou, S. Jha, and N. Bulusu, “Deploying long-lived and

cost-effective hybrid sensor networks,” Ad Hoc Netw., vol. 4, no. 6,

pp. 749-767, Nov. 2006.

W. Hu, A. Misra, and R. Shorey, “Caps: Energy-efficient processing of

continuous aggregate queries in sensor networks,” in Proc. IEEE Int.

Conf. 4th Annu. Pervas. Comput. Commun., Mar. 2006, pp. 190-199.

A. Kansal, J. Hsu, S. Zahedi, and M. B. Srivastava, “Power management

in energy harvesting sensor networks,” Trans. Embedded Comput. Syst.,

vol. 6, no. 4, p. 32, Sep. 2007.

C. Liu, K. Wu, and J. Pei, “An energy-efficient data collection framework

for wireless sensor networks by exploiting spatiotemporal correlation,”

IEEE Trans. Parallel Distrib. Syst., vol. 18, no. 7, pp. 1010-1023,

Jul. 2007.

C. Luo, F. Wu, J. Sun, and C. Chen, “Compressive data gathering for

large-scale wireless sensor networks,” in Proc. 15th Annu. Int. Conf.

Mobile Comput. Netw., Sep. 2009, pp. 145-156.

A. Mainwaring, D. Culler, J. Polastre, R. Szewczyk, and J. Anderson,

“Wireless sensor networks for habitat monitoring,” in Proc. Ist ACM

Int. Workshop Wireless Sensor Netw. Appl., 2002, pp. 88-97.

C. Moser, L. Thiele, D. Brunelli, and L. Benini, “Adaptive power

management in energy harvesting systems,” in Proc. Conf. Design,

Autom. Test Eur., Apr. 2007, pp. 773-778.

[10]

[11]

[12]

(13]

[14]

[15]

(16]

Authorized licensed use limited to: SHANDONG UNIVERSITY. Downloaded on February 03,2021 at 08:30:17 UTC from IEEE Xplore. Restrictions apply.



2128

(17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

G. Quer, R. Masiero, D. Munaretto, M. Rossi, J. Widmer, and M. Zorzi,
“On the interplay between routing and signal representation for com-
pressive sensing in wireless sensor networks,” in Proc. Inf. Theory Appl.
Workshop, Jan. 2007.

G. Quer, R. Masiero, D. Munaretto, M. Rossi, J. Widmer, and M. Zorzi,
“On the interplay between routing and signal representation for com-
pressive sensing in wireless sensor networks,” in Proc. Inf. Theory Appl.
Workshop, Feb. 2009, pp. 206-215.

R. Rana, W. Hu, and C. Chou, “Energy-aware sparse approximation
technique (EAST) for rechargeable wireless sensor networks,” in Proc.
7th Eur. Conf. Wireless Sensor Netw., 2010, pp. 306-321.

T. Schoellhammer, E. Osterweil, B. Greenstein, M. Wimbrow, and
D. Estrin, “Lightweight temporal compression of microclimate datasets,”
in Proc. IEEE Int. Conf. 29th Annu. Local Comput. Netw., Nov. 2004,
pp- 516-524.

T. van Dam and K. Langendoen, “An adaptive energy-efficient MAC
protocol for wireless sensor networks,” in Proc. Ist Int. Conf. Embedded
Netw. Sensor Syst., 2003, pp. 171-180.

W. Wang, M. Garofalakis, and K. Ramchandran, “Distributed sparse
random projections for refinable approximation,” in Proc. 6th Int. Conf.
Inf. Process. Sensor Netw., Apr. 2007, pp. 331-339.

T. Wark, W. Hu, P. Corke, J. Hodge, A. Keto, B. Mackey, G. Foley,
P. Sikka, and M. Brunig, “Springbrook: Challenges in developing a long-
term, rainforest wireless sensor network,” in Proc. Int. Conf. Intell.
Sensors, Sensor Netw. Inf., Dec. 2008, pp. 599-604.

R. Willett, A. Martin, and R. Nowak, “Backcasting: Adaptive sampling
for sensor networks,” in Proc. 3rd Int. Symp. Inf. Process. Sensor Netw.,
2004, pp. 124-133.

S. Yiran, H. Wen, R. Rajib, and C. C. Tung, “Non-uniform compressive
sensing in wireless sensor networks: Feasibility and applications,” in
Proc. 7th IEEE Int. Conf. Intell. Sensors, Sensor Netw. Inf. Process.,
Adelaide, Australia, Dec. 2011, pp. 271-276.

IEEE SENSORS JOURNAL, VOL. 13, NO. 6, JUNE 2013

Yiran Shen (S’12) is currently pursuing the Ph.D. degree at the School
of Computer Science and Engineering, University of New South Wales,
Kensington, Australia, meanwhile he is a research student in CSIRO.

His current research interests include compressive sensing, wireless sensor
networks, and image processing.

Wen Hu (SM’12) received the Ph.D. degree from the University of New South
Wales (UNSW), Kensington, Australia, in computer science and engineering.

He is a Senior Research Scientist at CSIRO ICT Centre, where he leads
a Talented Research Team working in pervasive information systems at
Autonomous Systems Laboratory. He has recently been interested in the
applications of compressive sensing in Internet of Things (IoT).

Dr. Hu has authored regularly in the top rated sensor network venues, such
as ACM/IEEE IPSN, ACM SenSys, EWSN, ACM transactions on Sensor
Networks (TOSN), Proceedings of the IEEE, and Ad Hoc Networks.

Rajib Rana is received the Ph.D. degree in computer science and engineering
from the University of New South Wales, Kensington, Australia, in 2011.
He is a Post-Doctoral Fellow with the CSIRO, ICT Centre, Hobart,
Australia. He is interested to work in the health services and intelligent
HVAC control applications. His current research interests include pervasive
computing, machine learning, pattern recognition and sparse approximation.

Chun Tung Chou (M’95) is an Associate Professor with the School of
Computer Science and Engineering, University of New South Wales, Sydney,
Australia. His current research interests include wireless sensor networks,
compressive sensing, and nano-communication.

Authorized licensed use limited to: SHANDONG UNIVERSITY. Downloaded on February 03,2021 at 08:30:17 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


