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ABSTRACT
This work proposes and evaluates a sampling algorithm based on
wavelet transforms with Coiflets basis to reduce the data sensed in
wireless sensor networks applications. The Coiflets basis is more
computationally efficient when data are smooth, which means that,
data are well approximated by a polynomial function. As expected,
this algorithm reduces the data traffic in wireless sensor network
and, consequently, decreases the energy consumption and the de-
lay to delivery the sensed information. The main contribution of
this algorithm is the capability to detect some event by adjusting
the sampling dynamically. In order to evaluate the algorithm, we
compare it with a static sampling strategy considering a real sens-
ing data where an external event is simulated. The results reveal
the efficiency of the proposed method by reducing the data with-
out loosing its representativeness, including when some event oc-
curs. This algorithm can be very useful to design energy-efficient
and time-constrained sensor networks when it is necessary to detect
some event.

Categories and Subject Descriptors
C.2.4 [Computer-communication networks]: Distributed Systems

Keywords
Wavelets, sampling algorithms, wireless sensor network

1. INTRODUCTION
A Wireless Sensor Network (WSN) consists of spatially dis-

tributed autonomous devices which cooperatively monitor physical
or environmental conditions, such as temperature, sound, vibration,
pressure, motion or pollutants, at different locations [1]. In WSN
applications, physical variables, such as temperature and luminos-
ity, can be monitored continuously along the network operation.
The data set representing these physical variables can be referred
as data stream [10] – or sensor stream, in the WSNs context.

Despite the potential of their applications, the WSNs present
some resource constraints such as low computational power, re-
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duced bandwidth and limited energy source. As a result , the al-
gorithms which process data in the sensor nodes and the quantity
of temporary information that can be stored need to be limited.
However, the data transmission for the offline storage, query and
data analysis in a central node is an expensive procedure in WSNs,
since wireless communication consumes a large amount of energy.
Since the sensor nodes can process locally, part of the data process-
ing can be performed through some sensor stream reduction algo-
rithms. Sampling, sketching, or wavelet stream strategies, to name
a few, are example of sensor stream reduction algorithms [2, 10].

Considering the aspects commented above, this work proposes
and evaluates a wavelet-based sampling algorithm for WSN appli-
cations. This algorithm uses the wavelet transform with coiflets
basis functions to allow a dynamical sampling [8]. This dynamical
sampling permits a more detailed event detection when compared
with other wavelet basis functions [8] (Haar or Daubechies). If data
can be interpolated by linear or quadratic functions, then Haar and
Daubechies bases are efficient. However, considering a polynomial
interpolation of order 2 < n < 12, these bases are not efficient.
In this case, the usage of Coiflets basis are highly recommended.
Using the proposed sampling solution, it is possible to reduce the
data traffic, delay and energy consumption in a WSN. The main
contribution of this algorithm is the capability to detect some event
by adjusting dynamically the sampling. In order to evaluate the
proposed algorithm, we compare it with a static sampling strategy
considering a real sensor data where an external event is simulated.
The results reveal the efficiency of the proposed method by reduc-
ing the data without loosing its representativeness, even if some
external event occurs.

This work is organized as follows. Section 2 presents related
work about data stream reduction techniques. Section 3 discusses
the wavelet transform and its main properties. Section 4 shows
the problem description and the reduction strategy adopted in this
work. Numerical results are given by Section 5, and Section 6 con-
cludes this study and suggests future work.

2. RELATED WORK
Considering the data stream related work, the contributions usu-

ally focus either in improving stream algorithms or in applying the
data stream techniques to specific scenarios. However, there are
some works which consider WSNs as a distributed databa-ses in
which some functions (e.g. maximum, minimum, and average) can
be computed in a distributed manner [4, 7].

There are some sampling techniques which perform a “intelli-
gent” sensor stream reduction by choosing the best elements that
represent the behavior of the environment sensed. An example of
a smart choice is the sampling, in each class of the histogram, built



during the sensing in online fashion. Another sampling strategy
considers multivariate sensor stream reduction and, in this case, the
analysis of multivariate data are used to improve the multivariate
sampling [2, 6].

Dijkerman and Mazumdar [5] proposes multiresolution stochas-
tic models of discrete wavelet coefficients as an approximations for
the original time process. These models are simple due to the strong
decorrelation of the wavelet transform. Assuming that a wireless
channel has a temporal variation which can be modeled by wavelet,
Tsatsanis and Giannakis [12] use the wavelet transforms to model
systems of identification and to an efficient control of fading in
wireless channels.

A more recent study presented by Martone [9] proposes new de-
tectors for direct-sequence code-division multiple-access (CDMA)
signals which outperform well-known approaches in rapidly fading
multipath channels. In that work, the author proved that it is possi-
ble to represent the channel in a reduced-order dimensional space
by mapping the scattering function of the multipath channel to its
decomposition. As a result, it is possible to obtain an approach
which is effective in fast fading environments, such as those prac-
tically found in macrocell wireless communication applications.

Regarding data reduction strategies for WSNs, current works use
data fusion, aggregation, compression, or correlation techniques
to help save energy and to reduce the packet delay. The closest
approach to what we are showing here is the adaptive sampling,
which means that the sampling strategy is modified by the phe-
nomenon modifications. The objective of the adaptative sampling
is to improve accuracy, to identify data correlation and to eliminate
redundancy [11, 13].

3. WAVELET BACKGROUND
Let V ′j be a sequence of closed subspaces of L(R2) and f(x) ∈

L(R2) be the signal observed. Each V ′j represents the successive
approximation of original signal, considering a resolution of 2j .
Smooth resolution occurs when the lowest value of j is used.

The details of projection between 2j and 2j−1, denoted by Wj ,
is defined by

Wj ⊕ V ′j = V ′j−1,

where ⊕ denotes the direct sum of two vectorial spaces. In this
way, V ′j can be decomposed through the direct sum of subspaces,

V ′j = Wj+1 ⊕Wj+2 ⊕ · · · ⊕WJ ⊕ V ′J ,

where j < J and all subspaces are orthogonal.
The discrete wavelet transform is used to analyze discrete data.

Discrete filters are defined to choose the frequency levels present
in data which vary in a temporal scale. Two set of functions are ap-
plied: the scale functions (φ(t)); and the wavelet functions (ψ(t)).
Both are related to small and high pass filters called, respectively,
wavelet and scale vectors.

In this way, f(x) can be approximated by the following expan-
sion

f(x) =
∑
n

si0 [n]ψi0,n(x) +

i1∑
i=i0

wi[n]φi,n(x)

where si0 [n] ∈ V ′J are the scale coefficients,

si0 [n] =

∫
f(x)ψi0,n(x) dx

and wi[n] ∈Wi are the wavelet coefficients,

wi[n] =

∫
f(x)φi,n(x) dx

3.1 Wavelet properties
The wavelet transform of a function f(x) is a two-dimensional

function γ(s, τ). The variables s and τ are the new dimensions,
scale and translation, respectively.

The wavelet transform is composed by functions φ(t) and ψ(t)
which the admissibility condition

∫
ψ(t)dt = 0 holds. This condi-

tion states that the wavelet has a compact support, since the biggest
part of its value is restricted to a finite interval, which means that it
has an exact zero value outside of this interval. Besides, ψi,k(t) =

2
i
2ψ(2i−k), for the dilated and translated versions of ψ(t). These

both cases characterize the wavelet spacial localization property.
Another property is the wavelet smoothness. Consider the ex-

pansion of γ(s, τ), around τ = 0, in a Taylor serie of n order,

γ(s, 0) =
1√
s

[
n∑
p=0

f (p)(0)

∫
tp

p!
ψ(t/s)dt+O(n+ 1)

]
,

where f (p) is the pth derivative of f and O(n + 1) represents the
rest of the expansion. A wavelet, ψ(t) , has L null moments if∫ ∞

−∞
tkψ(t)dt = 0,

to 0 ≤ k < L. If

Mk =

∫
tkψ(t)dt,

we have

γ(s, 0) =
1√
s

[
f (0)(0)

0!
M0s

1 + · · ·+ f (n)(0)

n!
Mns

n+1 +O(sn+2)

]
The vanishing moments are

Mn(0, l) = 0, for l = 0, 1, ..., L− 1

where L is the number of moments of the wavelet. From the ad-
missibility condition, we have that the 0th moment,M0, is equal to
zero. If the otherMn moments are zero, then γ(s, τ) will converge
to a smooth function f(t). So, if f(t) is described by a polynomial
function of degree up too (L − 1), the term O(sn+2) will be zero
and small values will appear as a linear combination of ψ in the
function γ(s, τ).

The regularity degree and decreasing rate of wavelet transforms
are related to its number of null moments. This property is impor-
tant to infer the approximations property in multiresolution space.
When a wavelet has various null moments, there will be coefficients
with low values. In regions where f(x) is a smooth function, the
wavelet coefficients with thin scales in f(x) are null.

3.2 Coiflets basis
The periodic wavelet transforms are applied to the limited in-

terval of functions. In order to apply the periodic transform, it is
necessary to consider that the limits of target function are repeated.
With the goal of avoiding this condition, the coiflets basis has the
null moments property in its scale function. The Coiflets basis is a
extension of the Daubechies, having the following properties

∫
ψ(x)dx = 1∫
xlψ(x)dx = 0, l = 0, 1, ...., L− 1∫
xlφ(x)dx = 0, l = 0, 1, ...., L− 1

Due to these properties, ψ and φ have null moments. The func-
tion φ is smoother and more symmetric than the φ considered in
Daubechies family. Moreover, this function is a better approxima-
tion of polynomial functions having interpolation properties. Con-
sidering 2L the number of coiflets moments and f(x) in [p, q], we



have ∫ q

p

f(x)φ(x) =

∫ q

p

f(0) + f ′(0) + · · ·+

f2L−1(0)x2L−1

(2L− 1)!
+ · · · ≈ f(0)

Let f(x) be a polynomial function of order p ≤ 2L − 1. Then,
there is g(x) with the same degree so that

f(x) ≈
∑
τ

g(τ)φs,τ (x).

This property states that, during the transformation, some terms
can be obtained, directly or sampled, considering the following ap-
proximation error∥∥∥∥∥f(x)−

∑
τ

g(τ)φs,τ (x)

∥∥∥∥∥ = O(2s.2L), (1)

This error has the δ Dirac property
∫
f(x)δ(x)dx = f(0) only if it

has infinite null moments. Due to this property, the coefficients in
γ(s, τ) are sparse representations of f(x) and, consequently, only
few coefficients are necessary to approximate f(x). With this, the
scale coefficients in γs,τ can be approximated by sampling of f(x),
so that

γ(s, τ) = f(2−(s)τ) +O(2s.2L).

Considering the L-th order coiflets basis, it is possible to define a
fast algorithm, using the low error property, when the function f(t)
is a smooth function. Each element in V ′j [t] can be approximated
by

V ′j [t] = 2−
i
2 f(2it)

and each approximated wavelet coefficient, Wt[t] at scale 2i, are
computed as

Wj [t] =
∑

g[2t− n]V ′j+1[t].

4. PROBLEM DESCRIPTION
Based on Aquino et.al. [3], a WSN system can be represented

by the diagram shown in Figure 1. In this diagram, N denotes the
environment and the process to be measured, P is the phenomena
of interest, with V ∗ their space-temporal domain. If true, complete
and uncorrupted observation was possible, a set of ideal rules (R∗)
can be devised and it leads to an ideal decision set (D∗). With these
characteristics, we consider V ∗ as data stream.

N V ∗ V V ′

D∗ D D′

w

P

u

R∗

w

S

u

R

w

Θ

u

R′

Figure 1: Representation of a WSN system, where the ideal
(N → V ∗ → D∗), sensed (N → V ∗ → V → D) and reduced
(N → V ∗ → V → V ′ → D′) behaviors are shown

Instead of the ideal situation, we have a set of n sensors S =
(S1, . . . , Sn), in which each sensor reads the phenomena and pro-
duces a report in the domain Vi, 1 ≤ i ≤ n. Using these infor-
mation, we have a set of rules (R) which leads to a set of decisions
(D). Therefore, differently from V ∗, V is a sensor stream.

Require: Vector V and filters h and g of Coiflets basis;
Ensure: Reduced function V ′j ;
1: Generate filters h(i) and g(i);
2: for t ∈ [0, (|V |/2− 1)] do
3: u = 2 t+ 1;
4: V ′jt = g1 Vu+1;
5: for n ∈ [1, (|h| − 1)] do
6: u = u− 1;
7: if u ≤ 0 then
8: u = |V | − 1;
9: end if

10: V ′jt = V ′jt + gn+1 Vu+1;
11: end for
12: V ′j(t+1) = V ′jt;
13: end for

Figure 2: Pseudo-code of the wavelet-based sampling algo-
rithm.

Dealing with V may be too expensive in terms of, for instance,
power, bandwidth and computer resources usage. In most situa-
tions, since the level of redundancy is not negligible, it is necessary
to reduce the volume of these information. Sensor stream reduction
techniques, denoted by Θ, transform the complete domain V into
a small one V ′. New rules which use V ′, denoted by R′, lead to a
set of decisions D′.

Considering this model, the problem addressed in this work can
be stated as follows:
Problem statement: What is the impact over the decisions D,
when we use a Θ wavelet-based sampling reduction over V gen-
erated by S?

For addressing this problem, the scope of this work consider a
WSNs temperature monitoring application with following sensed
behavior,

N → V ∗t w

Sm

24h⋃
{Vt}4min → D,

where V ∗t is the ideal temperature sensed, Sm is a real sensor node
TMote Sky1, and

⋃24h{Vt}4min represent the sensing data gath-
ering at intervals of approximately four minutes during a day.

Before applying the reduction, it is important to define the stream
item which will be used in Θ reduction. In the sensed behavior we
have the item stream

V =

24h⋃
{Vt}4min = V 1, V 2, . . . , V 360,

where V i ∈ R,−100 ≤ V i ≤ 100. The stream item V is pro-
cessed using 360 readings per day, every 4 minutes. Then, the re-
duced behavior is

N → V ∗t → Vt w

Θ
V ′t → D,

where Θ is the wavelet-based sampling reduction algorithm de-
tailed in Figure 2. In this algorithm, h and g are the discrete forms
of ψ and φ respectively; V ′j represents the reduced data, in which j
represents the resolution, i.e., the sampling rate scale, for example,
2j , 4j and so forth.

If M represents the number of decomposition level, the total
number of operations in the data vector with size |V | has a num-
1Some information about TMote Sky can be found in
http://www.capsil.org/capsilwiki/index.php/
TELOSB/TMote_Sky. Unfortunately, the TMote project was
discontinued.



ber of operations of order O(M |V | log|V |). The result of wavelet
transform is the signal decomposition in different subspaces, or
sub-bands, which different resolutions in time and frequency. Con-
sidering the temporal series, they are decomposed in other series
which compose the original one.

Finally, the decision set D considered is the data representative-
ness including when some external event occurs, i.e., after the re-
duction will be possible to detect the presence of any event. This
decision is the approximation rate considered by the proposed al-
gorithm and can be calculated directly from Equation 1.

The main aspects of the proposed sensor stream algorithm can
be summarized as follows: (i) the stream item considered is the
sensor data buffered V ; (ii) the online behavior of the algorithm
considers one pass in V but the information of the oldest processing
is not used; and (iii) considering the data representativeness as the
more important aspect in our applications, the approximation rate
is calculated from Equation 1 through the decision D.

5. NUMERICAL RESULTS
In this section, we evaluate the impact of the data stream wavelet

algorithm Θ to reduce the data sensed V . In order to tackle the
problem stated in Section 4, we consider two cases: scenario with
and without an event. Figure 3 illustrates the scenario without
event.

Figure 3: Data gathering without event.

Figure 4 illustrates the scenario with event. To simulate this
event, we cause a random perturbation in V so that the values
change drastically.

Initially we consider the wavelet transform with j = 2, using
only the V ′2 values in which the samples are performed in 22 steps,
and it is based on coiflets filters and |V ′| = |V |/4. In order to
compare our strategy we use a simple static sampling with the same
steps, i.e., the sampling considers 22 static steps instead the coiflets
filters. Figure 5 shows the results when there is not any external
event. The results were sampled of data showed in Figure 3 and
the proposed strategy is represented by continuous line which indi-
cates

∣∣V ′j ∣∣ ≈ ∣∣∣2i/2Vi∣∣∣, where 2i/2 is the normalization factor at the

ψi,k(t) = 2i/2ψ(2i − k).
In a different way, as showed in Figure 6, when we consider

the presence of some event (Figure 4) the wavelet-based sampling
is able to detect it. This occurs because the coiflets transform is
used here to detect the changes in the sampling. It is important
to highlight that the error in booth cases, Figures 5 and 6, can be
obtained from Equation 1.

Figure 4: Data gathering with event.

Figure 5: Sampling without event presence. The reduction is
1/4 of original data.

Figure 6: Sampling with event presence. The reduction is 1/4
of original data.

Considering the wavelet transform with other values to j, if the
reduction is increased the representativeness is decreased. This fact
can be illustrated by Figure 7, in which the samples performed in 23

steps are based on coiflets filters and |V ′| = |V |/8. Again we use
a simple static sampling with the same steps and, in the same way,



the wavelet-based sampling is able to detect the external event.

Figure 7: Sampling with event presence. The reduction is 1/8
of original data.

It is important to highlight that through the reduction technique
some WSN requirements, such as the energy consumption, delay,
and data lost, are achieved. These requirements can be better ex-
plored if the data is reduced.

6. CONCLUSIONS AND FUTURE WORK
WSNs are energy constrained, and the extension of their lifetime

is one of the most important issues in the design of such networks.
Usually, these networks collect a large amount of data from the en-
vironment. In contrast to the conventional remote sensing — based
on satellites which collect large images, sound files, or specific sci-
entific data — WSNs tend to generate a large amount of sequential
small and tuple-oriented data from several nodes, which constitutes
data streams.

In this work, a wavelet-based sampling algorithm is proposed
and evaluated. This algorithm uses the wavelet coefficients to ad-
just the sampling performed. The main contribution of this algo-
rithm is the capability of event detection by adjusting dynamically
the sampling rate. The results reveal the efficiency of the proposed
method by reducing the data without loosing its representativeness,
including when some event occur.

However, some important sensor stream algorithm characteris-
tics can be highlighted: (i) the stream item definition; (ii) the online
behavior by considering one pass over V ; and (iii) based on Coiflets
wavelet properties, the approximation rate can be calculated.

As future work, we intend to apply the proposed method to pro-
cess sensor streams along the routing task and in clustered net-
works. Thus, not only the data from a source can be reduced, but
also similar data from different sources can be reduced, resulting in
an efficient WSN. However, we intent to use the information of the
oldest processed data to increase the sampling performed.
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