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Abstract
The subject of the study was the possibility of application
of compressed sensing in wireless sensor networks. Com-
pressed sensing is a fast-forwarding area that provides the
basis for data acquisition methods in which it does not
apply established signal sampling procedures but, sub-
ject to certain conditions, it allows to significantly reduce
the number of signal measurements. As a result, it may
be faster to obtain data or reduce energy demands on
data acquisition. The aim was to verify the impact of
data gathering through compression scanning on the con-
sumption of the network for a defined single-purpose task.
On the simulation example of acoustic localization, appro-
priate methods and parameters of the transmitted signal
were proposed, which was the basis for verifying the con-
sumption optimization hypothesis for the wireless sensor
network and the comparison with the classic approach.

Wireless Sensor Networks (WSN) are a relatively new
technology in intelligent environments. Through them
it is possible to monitor the required information from
the surroundings. This system consists of spatially dis-
tributed autonomous modules that are capable of inter-
acting with each other. They are located in the observed
area and continuously evaluate the status of the watched
object. The basis of these networks are the modules
(nodes) with implemented sensors in relation to the appli-
cation requirements. An example of this can be recording
of acoustic emissions in traffic, the movement of persons in
monitored object, an acquisition of meteorological data,
or the wide use of WSN in intelligent buildings and, most
recently, in various IoT applications. Interaction between
nodes is provided by RF communication. According to
cite Harop2008, up to 99% of the installed sensors are
currently communicating using wires. The assumption for
the next 10 years is that WSN technology should cover
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10% of all sensor networks. Nowadays, the applications
of so called ”Intelligent sensors” are spreading. The differ-
ence between the classic and the intelligent sensor lies in
the added intelligence sensor capabilities. As the classical
sensor node gets the data it will just sent them to the sink
node, the intelligent sensor node is able to pre-process the
data before they are sent so that only the necessary in-
formation is sent, what is reducing transmission channel
requirements. The communication in the wireless sensor
network is significantly limited. Individual nodes often
need to be placed in an area without the presence of a
power grid, resulting in a large energy limitation. To this
the transmitting and computational power of the nodes
has to be adapted. Nodes have a defined permeability
depending on the type of the application and the avail-
able amount of energy. Using WSN technology requires
minimal installation and maintenance requirements.
In this work we are focusing on the possibilities of using
the Compressed Sensing (CS) in WSN. Compressed sens-
ing is a method of capturing and reconstructing a signal
using sparse sampling, assuming the signal sparsity, re-
sulting in a reduction of the amount measurements, thus
simplifying the process of obtaining data from the envi-
ronment and thereby saving the energy of network ele-
ments. The main objectives of the work are:

• to investigate the possibilities of using compressed
sensing in WSN,

• to use CS for chosen task,

• to verify proposed solution in simulation,

• to evaluate the effect of CS on the network consump-
tion.

The first chapter is devoted to the description of WSN
technology and its use in practical applications. There
are also described standard methods of digital signal pro-
cessing, their advantages, and disadvantages. The second
chapter deals with the theoretical principles of compressed
sensing using sparse sampling and discusses the possibili-
ties of using compressed sensing in WSN applications. In
the third chapter there is described a solution of a specific
task of localization of the object and there are summarized
the knowledge gained from the simulation experiments.

1. WSN Technology
The main idea behind the creation of WSN was to cre-
ate a network of sensors spreaded out in an environment.
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These sensors were low-cost and capable of working au-
tonomously while working with other nodes in the net-
work, including sensors, communication unit and data
processing module [32], [13].

1.1 Hardware Platform
WSN consists of spatially distributed sensor nodes. In
WSN, each sensor is able to independently perform sam-
pling, preprocessing and data processing tasks. In addi-
tion, the nodes communicate with each other or with a
central sink node, depending on the network topology. In
order to use a node, one or more sensors, CPU, memory,
and power source are implemented.

1.2 Communication
The wireless sensor network consists of a number of nodes
that have wireless communication modules. Nodes can be
located on a large area in hard-to-reach terrain, so it is
necessary for the captured data to be collected by several
central (sink) nodes that have access to the infrastructure,
e.g. to the Internet or to have easy access to download
data in person.

1.3 Applications
1.3.1 Monitoring of the Environment
Environmental monitoring includes, for example, animal
tracking, forest ecosystem evaluation, flood detection, or
weather forecast [15]. These are ideal applications for
WSN because the measured parameters are supposed to
be transmitted over a long distance.

1.3.2 Medical Purposes
WSNs can be used in hospitals to monitor the health of
patients. These devices form a special group of WSN
nodes, called the Body Sensor Network (BSN). BSN is a
set of sensors that introduces the revolution to health care
by providing cost-effective, long-term monitoring with the
continual renewal of health records over the Internet. One
application is, for example, a chest band that serves to
monitor patients with cardiac arrhythmias [21].

1.3.3 Transport Systems
Many crossroads use information from sensors to control
traffic lights with emphasis on minimal waiting or max-
imum permeability [12]. The sensors are mostly located
above the crossing or inside the road [30], [26].

1.4 Consumption of WSN Network
One of the reasons for the creation of wireless sensor net-
works is the need for placing sensors (static or portable)
to inaccessible and remote terrain without established in-
frastructure. In this environment, permanent sources of
electrical power from which the nodes could be powered
are not available. Therefore, there is still an effort in WSN
applications to minimize consumption. The electricity is
consumed in the subsystem of signal sampling, the signal
processing subsystem, and also the communication pro-
cess.

1.4.1 Signal Sampling
To get the information from the environment, it is nec-
essary to capture the given continuous quantities using
the sensors which are part of the node. A considerable

Figure 1: Periodic sampling - aliasing effect

amount of energy is consumed by analog to digital con-
version of signal samples. A conventional approach to sig-
nal sampling is Shannon’s theorem, which states that the
sampling frequency of the AD converter must be equal
to or greater than twice of the maximum frequency of
the measured signal. In general, we consider determinis-
tic and periodic (equidistance) sampling. This pattern of
sampling, according to which the signal samples are taken
in time intervals of constant duration, is the most used.
It is obvious that such a procedure for obtaining samples
seems to be the most natural and has several advantages.
However, it was introduced earlier and is not suitable for
some applications.

A periodic sampling model is not always useful to apply.
For example, in case when the samples are supposed to
be captured in irregular time intervals or even at random
times. Studies show that random sampling may not al-
ways be negative. Irregularities also bring some benefits,
such as suppressing aliasing. Even in the case of energy
saving, randomness can produce good results.

The aliasing effect leads to an indeterminate representa-
tion of the signal, as can be seen in Fig. 1 [3]. These
signal samples can be used during reconstruction to cre-
ate an original sinusoid. Sinusoid, rendered in black, suit
the data. However, if we look at the possibilities of the re-
construction process, we can see that the other sinusoids
of different frequencies also fit the samples taken. There
are known methods how to avoid such complications, e.g.
using the anti-aliasing filter.

Fig. 2 [3] shows how to avoid the alias effect by using
unequal sampling. Once again, the sinusoid was sampled
at the same frequency as in the previous case. In this
case, the timing distances between the samples are not
the same. The picture shows that only one sinusoid is
suitable for all samples.

1.4.2 Communication
The most burdening factor in terms of WSN consumption
is the communication, especially the sending of measured
data. That is why we are trying to reduce the amount of
data transmitted. There are three approaches. The first
approach utilizes signal processing methods to evaluate
data, and then only useful information (resulting solu-
tion) is sent, which, due to low data volume, minimizes
the power supply. In the second approach, the signal
characteristics (parameters) are transmitted. Sometimes,
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Figure 2: Nonperiodic sampling - suppression of
the aliasing effect

however, it is necessary to send the whole captured signal,
which is the third case. In periodic sampling, the volume
of data transmitted is very large. By sparse sampling, this
volume can be quickly reduced and only samples that are
really useful are sent.

2. Compressed Sensing Principles
The original idea of data compression was to collect all the
data, choose the appropriate transformation over them,
evaluate the significant coefficients, and discard most of
the data which for some reason have little of the useful
information. Compressed sensing comes with a different
strategy: assuming the signal sparsity in a suitable area,
it is efficient to sample the signal irregularly, and only as
many times as is really needed. The subsequent recon-
struction of the signal leads to solving a system of linear
equations with an infinite number of solutions. Among in-
finitely many solutions that can be found, those who have
the most unknowns equal to zero at the same time (sparse
solutions) are required because these solutions are usually
very likely to be correct. This thematic area extends his-
torically to the first use of the Matching pursuit algorithm
[27] and the decomposition of the signal to atoms using
Basis pursuit [11]. Compressed sensing was named as a
research area in 2004 at Standford University. Professor
D. Dono [17] and his former student, now Professor E.J.

CandÃĺs [7], devoted themselves to the areas of sparse
representation of signals, wavelet, reconstruction meth-
ods, signal processing and a wide range of mathematical
optimizations. CS is also discussed in the literature [2],
[24], [23].

2.1 Sparse Signal Representation
Signal y (e.g. sound, image or video sequence) can be
represented as linear combination ob basis vectors ai.

y =
∑
i

xiai,

where xi are the weights or coordinates y in the system
ai. Each ai are called atoms and the whole system is
called the dictionary.

This model can be also presented as linear system in ma-
trix form

Ax = y,

where x is the vector of unknowns and y is known vec-
tor. The matrix A is called besides dictionary also the
representation system, often called measurement matrix -
which is not completely correct and this term will be ex-
plained in the subhead 2.5 dedicated to compressed sens-
ing.

Figure 3: System of linear equations

So the k-sparse vector is that, which has the maximum
of k non zero components. By the relative sparsity of the
vector x of the length N we understand the ratio k/N .
Next let CN to be the matrix of all k-sparse vectors with
length of N .

However, the real signals are not completely sparse as de-
fined above. Instead of zero, they contain small nonzero
values. Therefore, it is appropriate to define an approxi-
mation error.

2.2 Sparse Solution of Linear Systems of Equations
It is necessary to solve the common linear system of equa-
tions Ax = y, however, the unknown vector x is supposed
to be as sparse as possible thus, to contain as many zero
components as possible. The task is following:

min
x
‖x‖0 subject to Ax = y, (1)

where the known vector is y ∈ Cm (observation, measure-
ment, signal) and the matrix A ∈ Cm×N . Let’s suppose
only the cases when m < N , or m � N , and A is the
matrix with complete row rank. The scheme of the task is
illustrated on the Fig. 3. Vector x contains only few non
zero components (coordinates) thus, the observed vector
y is the linear combination of only few columns of matrix
A. The pseudo-color schematic is used - the blue color
represents zero and the warmer the color is the higher
value it contains.

All x that meet the condition of Ax = y are acceptable
solutions. It is known from linear algebra that given the
above conditions, the matrix A permits endlessly many
solutions and forms affinity space. Matrix A guarantees
the ability to reconstruct the original x from y.

2.3 Bases
By basis of vector space we can understand a set of linear
indipendent vectors which linear combination it is pos-
sible to get to arbitrary vector from given vector space
set. In the finite space of dimension N is the base each
set containing N linear independent vectors. If the B =
{b1, ...,bn} is basis each component x ∈ V is possible to
express with unambigous coordinates ci in given basis as

x =

N∑
i=1

cibi = Bc. (2)
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If the vector space has several bases than all of them con-
tain same number of generating vectors (generator).

Most often we encounter orthogonal and orthonormal bases.
The orthogonal base is where for any two vectors from the
base B = {b1, ...,bn} applies

〈bi,bj〉 = 0, pre i 6= j, 〈bi,bi〉 6= 0. (3)

2.4 Reconstruction Algorithms

2.4.1 Computational Complexity of the Problem
Assume that spark(A) > 2k0 is true and there is some
k0-sparse solution of the system. If we insist on finding
a precise solution, it is necessary to go through all

(
N
k0

)
combinations of subsets of matrix atoms. This is equal
for NP-complexity (a non-deterministic polynomial prob-
lem) which in practice where N is a large number, is not
acceptable [6]. Therefore, several approximation meth-
ods have been developed to address this problem, which
are not deterministically accurate, but significantly faster.
These methods are divided into roughly two main cate-
gories - greedy algorithms and relaxations, although new
types of algorithms are growing.

2.4.2 Greedy Algorithms
The group of ”greedy” algorithms consists of those meth-
ods whose main principle is to find one or more ”most
important” atoms in each iteration. Important is that in
the next course of the algorithm, the selected atom will
already be part of the final solution. The advantage of
these methods is low complexity, the disadvantage is that
it is not guaranteed to achieve a global optimum. Known
algorithms in this category are Matching Pursuit [27] and
the most commonly used variation Orthogonal Matching
Pursuit - OMP [31]. Other derived algorithms are Reg-
ularized OMP, Stagewise OMP, OMP with Replacement,
and sublinear algorithm OMPR-Hash. This category also
includes Subspace Pursuit [16] and Least Angle Regres-
sion - LARS [18]. Some algorithms are able to guarantee
stability as a BPDN (relaxation algorithm) and are faster
and better understood.

2.4.3 Relaxation Algorithms
This group of methods is based on convex optimization
and is based on l1 -relaxation, which means they are more
computational complex. These algorithms rely on the fact
that under certain conditions we can get exact, or at least
relatively close solution. From these methods it is, for
example, Basis Pursuit - BP [11], Basis Pursuit Denois-
ing - BPDN, Modified Least Angle Regression - LARS
[18], [19], Interior Point Methods − IPM [25], Projected
Gradient Methods, Iterative Reweighted Least Squares
âĂŞ IRLS, FOCal Underdetermined System Solver − FO-
CUSS[20], [19] or Dantzing Selector [8].

L1 - minimization (L1-relaxation)

In order to capture the essence of relaxation principles of
L-minimalizations, several concepts need to be defined.

Definition 2.1. lp-norm of the vector x ∈ CN is de-

Figure 4: Contour lines of norms l0, l0,5, l1 a l2 and
the contact with the hyperplane defined by the
system Ax = y.

fined as:

‖x‖p :=

(
N∑
i=1

|xi|p
) 1

p

for 1 ≤ p <∞,

‖x‖p :=

N∑
i=1

|xi|p for 0 < p < 1,

‖x‖∞ := m
i
ax|xi|,

‖x‖0 := |sup(x)| .

(4)

The norm is accually only if 1 ≤ p ≤ ∞. However, for
simplicity for all p will be used uniform marking lp-norm.
For a better idea of how the norms work, a sphere is drawn
in the all norms in the Fig.4.

Definition 2.2. The sphere BN
p in the norm lp is de-

fined as

BN
p := {x ∈ CN | ‖x‖p ≤ 1}. (5)

Definition 2.3. Vector x ∈ CN is called k-sparse while
applies

‖x‖0 ≤ k. (6)

(Pseudo)norm l0 is not a convex function, thus it is not
possible for the computation of the task 1 use any of the
methods of convex optimization algorithms (convex pro-
gramming) [4]. Since the norms lp are convex for p ≥ 1
we consider using of ”nearest” convex norm l1, at least to
approximation of solution of the NP-complex problem. It
is necessary to solve the task:

min
x
‖x‖0 subject to Ax = y. (7)

While the conditions of NSP and RIP are satisfied it is
possible to use l1 norm instead of norm l0. Even in most
cases solution of both tasks match. In the Fig. 4 it
is shown the solution of the task minx ‖x‖p considering

Ax = y v R2, iteratively for p = 0; 0, 5; 1; 2. The space of
all acceptable solutions is represedted by the red straight
line. It is obvious from the figure that solution of the
problems 1 and 7 is consistent. The solutions in the case
when the Euclidian norm, p=2,is used is different (solu-
tion with minimal energy which means narrow continuity
with the least squares method).
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Figure 5: Form of the measurement matrix A

2.4.4 Other Algorithms
Other algorithms that are not included in these categories
are thresholding based algorithms [18] and other hybrid
algorithms that take advantage of each of the two groups
of algorithms. One of these is the A*OMP algorithm
that uses the A* algorithm for information tree crawling.
This algorithm achieves better signal reconstruction re-
sults than relaxation algorithms, and in addition, has less
complexity than relaxation methods. There are also com-
binatorial algorithms - HHS Pursuit that are very fast,
but they need quite a lot of measurements. The special
type is Total Variation - TV algorithms. These are mainly
used when reconstructing images where the sparsity of
signal is required. They are especially suitable for images
composed of smooth surfaces separated by curves (im-
ages without complex textures). Such images can often
be found in the medical environment (MRI, angiogram).

2.5 Compressed Sensing
Compressed sensing is probably one of the most attractive
applications in the field of sparse signal representation.
The main idea of this approach lies in the non-adaptive
sampling of signals only by the number of samples that is
really needed. This is the same problem - the search for
approximation of the 1 task by using l1-minimalization,
but the construction of the A matrix is special (as men-
tioned in chapter 2.1).

It is assumed that signal is sparse is in some dictionary
(in our case, orthogonal bases). Let the base be labeled
with Ψ, so the signal can be expressed as z = Ψx, where
x is k-sparse. The goal is to provide a small number of
non-adaptive measurements that will have the character
of scalar products with a signal that can be expressed as
y = Pz = PΨx. Where P is the so-called the measure-
ment matrix of the dimension m × N a the individual
components of the vector y are measurement results that
are generated as a linear combination of signal samples.
By the term sample is meant a scalar formed by a linear
combination of original signal values. The number of mea-
surements is m� N . From the Fig. 5 we can see that the
measuring matrix A mentioned in the previous chapters
has in this case the form A = PΨ and it is neccessary to
use the l1-minimization for the task:

min
x
‖x‖0 subject to y = PΨx. (8)

The basic task is to find such a measurement matrix P,
to be possible from a “small” number of measurement to
reconstruct the signal correctly. Suitable measurement
matrix are considered in the form P = RΦ. Where Φ
is the matrix N × N and R is the matrix which is cre-

Figure 6: Illustration of the situation in com-
pressed sensing (without noise): measured vector
y is equal to the product of measurement matrix
P = RΦ, unit matrix Ψ and sparse vector x. In
the process of sampling there is a vector z = Ψx
which is not sparse itself but it is sparse in some
base Ψ in the figure it is in a orthonormal base
of the inverse DCT. Matrix Φ is Gaussian in this
case. The matrix R came from unit matrix N ×N
by uniformly-random keeping of m rows.

ated from the unit matrix N ×N by keeping only m ran-
domly chosen rows thus it works as a random selector
of the rows from the matrix Φ. Random selection R is
controlled by uniform probability distribution. Overall
shape of the measurement matrix A is composed of ma-
trices A = RΦΨ. Complete schematic of the compressed
sensing is provide on the Fig. 6.

To be possible to recontruct signal by using l1-relaxation
it is neccessary to define how many measurement have
to be provided (number of rows m of the matrix P). In
case of random measurement matrix R this count depends
on mutual coherence (µ). In case when the matrix is
composed of two orthonormal bases Φ and Ψ thus

[
Ψ,Φ

]
is

µ
([

Ψ,Φ
])

= max
1≤i,j≤N

∣∣∣ψ>i φj

∣∣∣ (9)

and the value of the coherence (9) is between 1√
N

a 1.

Following proposal gives a conditions when the exact re-
construction from the measurement is granted.

Proposal 2.4. [10] Let’s have the signal z, which has
in the basis Ψ k-sparse representation x. Then the solu-
tion of l1-minimization

min
x
‖x‖1 vzhl′adom na y = RΦΨx, (10)

where y are the measurement, is at the same time with
high probability the most sparse possible solution wince
the number of the rows is chosen by this:

m ≥ C · µ2 ([Ψ,Φ]) · k ·N · lnN, (11)

for the specific constant C.

It follows from this that the number of measurements de-
pends only on the sparsity of the signal. The coherence
quadratically effects the necessary number of measure-
ments. Therefore, it is an effort to look for such a pairs
whose mutual coherence is minimal - for

[
Ψ,Φ

]
with co-

herence 1/
√
N it is enough to provide k · ln N measure-

ments. However, if the coherence increases, measurement
under this condition ceases to be relevant because the
count of measurements m exceeds the number of signal
samples N x (e.g. Φ = Ψ).
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Figure 7: Measurement process - multiplication of
the signal z by the matrix P represents m linear
measurement of the signal z.

2.6 Compressed sensing in applications
In general, CS applications can be found wherever the
signal can be expressed in a sparse, wheater in a stan-
dardized manner or in a system that has been adapted to
the signal. In computer tomography (CT), it is necessary
to obtain a body image of the patient from different an-
gles using X-rays. Taking a complete set of measurements
would expose the patient to a long and dangerous dose of
radiation, so the number of measurements should be as
small as possible and should guarantee a sufficient image
quality for medical purposes [9].

3. Compressed Sensing in the Application for Ob-
ject Localization

As an application example of CS, the object localization
task was selected. Determining the position of objects is
not longer just a matter of the outside environment. In-
creasingly, these tasks move into the interior, they come
into production halls or logistics centers or combine both
outside and inside environments. Two types of localiza-
tion are distinguished. It can be done based on absolute
location due to geographic location. The second type is
the relative location where it is to determine the position
relative to the space in which the object is located.

3.1 Localization Principles
Localization technologies use different measurement prin-
ciples to determine the right position. Time-based meth-
ods are divided into two main groups (an overview of other
commonly used methods is given in [28]):

• TOA (Time of Arrival) This method is based
on measuring the absolute time at which the signal
arrives from the transmitter to the receiver. The
Euclidean distance between the two devices can be
derived by multiplying the time that the signal trav-
eled with the wave velocity. If the wave passes
through different materials, it is necessary to know
its speed in the given conditions. However, the TOA
depends strongly on the exact synchronization of
the transmitter and receiver clock. In this case, the
positioning is projected into intersections of circles
with their centers defined by transmitter modules.

• TDOA (Time Difference of Arrival) When mea-
suring the arrival time difference, it is not neces-
sary for the transmitter and the receiver to have

Figure 8: Triangulation

Figure 9: Multilateration

a synchronized clock signal. Unlike the first case,
it is not necessary for the receiver to record the
absolute time for which the pulse was sent. Only
the time difference from synchronized transmitters
needs to be known. Two TDOAs are obtained from
the two transmit modules. At least two time con-
stants are required to determine the position. From
three transmitters at known positions, it is possi-
ble to determine the position of the object on the
hyperbola in the 2D space or from the four trans-
mitters the position on hyperboloid in the 3D space.
The basic hyperbolic property, which says that the
hyperbola is the curve of the constant difference of
the arrival time of the signals transmitted by the
modules, is used here. The focus of each hyperbola
is determined by these modules [5].

3.2 Using KS Methods to Solve Localization Tasks
We have chosen the localization task based on acoustic
emissions as an example suitable for WSN with use of
CS. The baseline scenario contemplates the use of nodes
that are equipped with a loudspeaker in the role of trans-
mitters V1 to V3 and one node D1, which is designed
to scan the transmitted acoustic signals and at the same
time is a point of localization interest. Applying the CS
to the recorded signal and sending the fine samples for
processing will be cover by the detection node D1. In
this proposed solution with a centralized topology, the
evaluation of the obtained data will be carried out in the
central node C1 with sufficient performance parameters
where reconstruction algorithms will be applied to the
received samples and the position of the object will be
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evaluated. The principal scheme of the task is shown in
the Fig. 10.

Figure 10: Illustration of simulation example

In order to progress with this example, new terms need
to be introduced.

Compression Ratio (KP)
Let N be the number of samples of the signal y(n) ob-
tained at uniform sampling with the sampling frequency
fvz determined by Shanon theorem at the given interval
and let m be the number of samples of the signal y(n)
selected at the same interval based on the measurement
matrix P (described in the chapter 2.5), then the com-
pression ratio is defined as

KP =
N

m
.

KP is a basic indicator of the efficiency of using the com-
pressed sensing. The task is to maximize KP while keep-
ing the maximum permissible reconstruction error.

Reconstruction Error
The reconstruction error is defined as the mean absolute
deviation of the signal difference

e =
1

N

N∑
1

|r(n)| ,

where the difference of signals r(n) = y(n)− y′(n), while
y′(n) is the reconstruction of the originally generated sig-
nal y(n) from the samples gained by the compressed sens-
ing and N is the number of the elements of the vector
r(n). After multiplying by the constant K = 100, we
present the error in percent as follows. The error in the
frequency domain is determined analogously as the mean
absolute deviation of the frequency spectrum difference.

Other terms found in text and spreadsheets:

• name - name of the signal

• f1, f2 - carrier frequency of generated signal, unit:
Hz

• ratio - carrier frequencies ratio define as f2/f1

• fvz - sampling rate, unit: Hz

• measurement matrix - number of rows (m) of the
measurement matrix P

• number of periods - number of useful (non-zero)
periods of the generated signal with the carrier fre-
qency f1, f2

Figure 11: Signal cont 2 from the Tab. 1 before
and after reconstruction.

3.3 Simulation Tools
Matlab
For simulation purposes, the L1-magic library was used
which originates at the center of the theory of compressed
sensing – at Standford University. It is a collection of
Matlab routines for linear programming and convex op-
timization that focuses on compressed sensing.The simu-
lation script has a wide range of parameter settings, the
main ones are:

1. Parameters for signal generation: A frequency of
sampling, signal frequency, number of periods, sig-
nal type, noise ratio.

2. Parameters for the signal reconstruction: Type of
measurement matrix, compression ratio, base of the
signal, reconstruction type.

3. Parameters for evaluation of reconstruction: Error
evaluation, Calculation time, Type of rendering, Drawn
items.

In addition to these parameters, it is possible to imple-
ment custom routines needed for analysis of the selected
task.

3.4 Transmitted signal
This task takes into consideration using an acoustic signal.
The basic task was to investigate the type of broadcast
signal - the signal can be transmitted continuously (con-
tinuous) over time or in batches (burst).

3.4.1 Continuous
In the case of a continuous signal transmission, the recon-
struction is less demanding, which means that the com-
pression ratio can reach higher values at the desired devi-
ation, see Tab.1. The resulting error can be considered in
practice to be zero, but it is an ideal case (no noise) when
the sampled signal reach its maximum. Further, it can
also be seen from Fig. 11 that the signal before and after
reconstruction shows a minimal error. The disadvantage
of this sampling is that the localizing task is not trivially
solvable and it is not clearly evident in which period the
signal is located, so the determination of the distance is
not unambiguous. It is possible to implement other soft-
ware solutions, e.g. inserting auxiliary signals into con-
tinuous broadcasting to ensure unambiguous time-lines.
However, with this solution, there is also an increase in the
performance requirements of each network node, which is
an undesirable effect.
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name f [Hz] fvz [Hz] SNR [dB] error [%]
cont 1 100 2000 - 6,1E-9
cont 2 200 a 500 2000 - 1,2E-8
cont 1a 100 2000 11 14,8
cont 2a 200 a 500 2000 11 35
cont 1b 100 2000 2,5 10,28
cont 2b 200 a 500 2000 2,5 25

Table 1: Results of the reconstruction, KP = 100.

Figure 12: Signal burst before and after recon-
struction and the illustration of the error on the
edges. Compression ratio: 10, carrier frequency:
100Hz.

3.4.2 Burst
By modifying the transmission from continuous to burst,
the tests confirmed that the compression ratio would be
lower in this case. However, it is possible to analyze more
accurately the captured signal. Under ideal conditions,
it is possible to determine the beginning of the broad-
cast quite accurately. The tests were performed using an
acoustic burst signal in the range of 100Hz to 1kHz. Sim-
ulations have confirmed that reconstruction can be con-
sidered sufficient if the error between the original and the
reconstructed signal is up to 5%. In reconstructed signals
that contain one carrier frequency with an error rate of
up to 15%, this frequency is still strongly represented, but
the time domain signal is not usable without further fil-
tration. In Tab.2 there are the selected experiments – in
the first approach, the tested burst signals contained one
carrier frequency. For each of these items, 100 tests were
repeatedly applied, and the chyba column indicates an av-
erage error of all iterations. In the next table, Tab. 3 the
signal was generated using two different carrier frequen-
cies, the frequency ratios have been determined randomly.

In testing this type of broadcast, several important facts
have been observed. Upon reconstruction of the burst
signal, there is a high error rate, mainly at the beginning
and end of the signal Fig. 12. If the same compression
ratio as in the continuous signal is kept, an unusable rate
of reconstruction has been achieved (Obr. 13), where the
upper row represents the burst signal and the lower row
of the continuous signal. These findings have led to the
next stage of modifying the generated signal. The task is
to generate such a signal so its representation in the fre-
quency domain is as sparse as possible. For the smooth-
ing weighing windows can be applied. Figures 14 and 15
illustrates using window functions and the effect the fre-
quency spectrum of the signal. Real signals are, in most
cases, close to the sparse. The displayed result is a test
with Hamming window that confirmed improvements in
the frequency domain representation. If the signal is not
sparse in given area than the reconstruction of the signal
with L1-minimization will get more significant errors.

Figure 14: Frequency spectrum of the burst signal
without window

Figure 15: Frequency spectrum of the burst signal
using a window

3.4.3 Use of the Weighing Window and Its Influence
on the Frequency Spectrum

In order to increase the compression ratio and preserve the
quality of the reconstruction, windows of different types
except the rectangle, which are burst signals themselves,
were applied to the signal. Window functions were ap-
plied sequentially to a signal with varying signal-to-noise
ratio.

Window functions are the weighting functions [29], [1]
that are applied to the data to reduce the spectral leakage
associated with the final interval observation. From a
signal processing perspective, the window is applied to
the base set so that the signal from any frequency has a
significant amplitude only on those base vectors that have
a frequency near the signal frequency.

Mathematically, these are functions that have zero func-
tional values outside the selected interval. The weighing
process works so that the original signal is multiplied by
the window function. To the resulting signal can be fur-
ther applied the desired operation, most often spectral
analysis. The following text briefly describes the window
functions used in our case, where N represents the width
of the window and n the number of the sample.

Impact of the noise to the windows
The transmitted signal was weighted throughout the whole
burst signal interval. From Tab. 4 it is visible that by
adjusting the signal using the window, the error signifi-
cantly decreases compared to the signal without the use
of window function, the bold letters show the smallest re-
construction errors compared to the original signal. The
experiment was conducted on three test scenarios with
different levels of noise added:

• signal without noise,

• white noise with SNR = 11dB,

• white noise with SNR = 2,5dB.
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name f [Hz] fvz [Hz]
measur.
matrix KP

Num. of
periods error [%]

burst1f 01 100 2000 200 10 10 3,73
burst1f 02 200 2000 200 10 10 3,95
burst1f 03 300 2100 250 8,5 10 2,11
burst1f 04 400 2000 200 10 10 3,26
burst1f 05 500 2000 200 10 10 2,05
burst1f 06 800 4000 300 13 10 1,89
burst1f 07 1000 4000 200 20 10 1,6
burst1f 08 2000 8000 300 27 10 1,09

Table 2: Tests of basic burst signals and their parameters.

name
f1

[Hz]
f2

[Hz] ratio
fvz

[Hz] KP
measur.
matrix

error
[%]

burst2f 01a 100 300 3 4000 13,33 300 3,78
burst2f 01b 100 400 4 4000 13,33 300 1,5
burst2f 01c 100 130 1,3 4000 20 200 1,27
burst2f 02a 200 130 0,65 4000 20 200 3,02
burst2f 02b 200 350 1,75 4000 13,33 300 1,32
burst2f 03a 500 144 0,288 4000 20 200 2,68
burst2f 03b 500 630 1,26 4000 13,33 300 1,58
burst2f 04a 1000 1300 1,3 4000 13,33 300 1,53
burst2f 04b 1000 840 0,84 4000 13,33 300 1,17

Table 3: Tests of combined bursts signals and their parameters.

Figure 13: Comparison of continuous and burst signals while keeping the same KP=200. The first row
corresponds to the burst signal, the second line of the continuous signal.
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Figure 16: The winding windows that were used
for testing. Illustration is rendered on a even
number of elements, N = 64.

After the window is applied, the most noticeable differ-
ence is in the error in the case of signal without noise.

Based on the experiments, the maximum permissible er-
ror rate was determined for the given signal as shown
in Tab. 5. The table shows at what maximum recon-
struction error it is possible to recognize and use signal
parameters without the need for further filtering of the re-
constructed data. It is clear from the table that, in some
cases, the recognition of the carrier frequency is consid-
erably greater than that of detecting the time course of
the signal (start of transmission detection). Based on the
table we can consider the best case so the maximum error
rate is 5%. If we wanted to preserve the compression ra-
tio, only the unsigned signal according to Tab. 4 could be
used for reconstruction purposes. In the case of weighting
the noised signals, the error is not so significantly reduced
as in the first case, but it is still below the permissible
limit. The noised signal without applied window is not
suitable for further processing. Fig. 17 shows the signal
in all three cases of adding noise, in which case the Cheby-
shev window was used. The superimposed noise was has
a white-noise character with zero mean value.
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Figure 17: Signal with Chebyshev widnow applied
- without noise impact (a), with superimposed
noise (b) with SNR = 11dB and (c) SNR = 3dB.

3.5 Parameters of the Transmitted Signal
Localization tasks based on TDOA (kap. 3.1) do not as-
sume that the transmitting nodes have a common sync
signal with the sensing node. Synchronization takes place
only in transmitters, for a real WSN can be used e.g. syn-
chronization algorithm FUSA [14].

In general, the transmitters can generate data or signals
that are uniquely identifiable for digital signals (RF sig-
nals) that can be, for example, an identifier with a defined
position in a location map, unique device number, rela-
tive coordinates, or precise geographic coordinates. After

obtaining the identifiers and the times of the difference of
their reception, the location of the object can be deter-
mined by multilateration.

V1

V2

V3

ts tp

V1

V2

V3

TDOA(V2-V1) TDOA(V3-V2)

TDOA(V3-V1)
V1+V2+V3

t

t

Δt1 Δt2

Δt3

Figure 18: Transmission cycle for three transmit-
ters V1, V2, V3 and obtaining delay times.

In our case, the acoustic signal is transmitted. In order
to uniquely designate the transmitters, each sends an as-
signed signal at a specific frequency in the range 100Hz
- 1kHz. Synchronized transmitters transmit according to
the time schedule proposed in Fig. 18. Time ts rep-
resents the time period during which the transmitter is
active. Each transmitter has to generate a signal with
a minimum number of periods of 10. If we consider the
simplest example, this means that the length ts is down
bounded by the 100Hz transmission frequency, which is a
100ms broadcast. The transmitter with the set maximum
frequency (f1 = 1kHz) therefore transmits 100 signal peri-
ods. The signal may contain multiple carrier frequencies;
for this, we consider one and two carrier frequencies (Tab.
2 and 3). In addition to broadcast time, the inactive time
tp is also defined. If we take into account the rectangu-
lar room with dimensions a× b, then the largest distance
of the transmitter from the localized object is given by
the length of the diagonal c. The length of a break be-
tween the broadcast is defined as tp > c/v, where v is
the acoustic signal propagation rate in the given environ-
ment. In the simulation, we are considering a room with
a = 30m and b = 30m, then the minimum break time
is tp > 141ms (42, 42m/300ms−1). In the reconstruction
with the L1-minimization the signal should be as sparse
as possible, due to this fact, it is necessary to set the ap-
propriate ratio of the broadcast parameters ts and tp. In
Fig. 19 is a broadcast signal with different ratios ts : tp.
Further, these signals are altered by windows w1 to w3.
The windows serve to select the section of the signal being
analyzed. The window length in the image is determined
by the T1 and T2 periods. In our case, we use the sec-
ond type of configuration, ie ts : tp = 1 : 2. For signal
analysis, we need to apply a window w with a defined
length, as shown in the image 19 (1: 2 configuration).
The longest window that makes sense for the analysis is
equal to the length of the T1 period, which is the sum of
the broadcast and pause times. However, as mentioned,
for reconstruction purposes it is an attempt to analyze
a signal with a minimum number of carrier frequencies.
Since the frequencies rotate during the broadcast (in our
case, the three frequencies see Fig. 19 (f1 to f3)) it means
that in the case of w1 in some cases we will capture two
partial burst signals at different frequencies. When using
window w2 or w3, ideally, only the signal from one trans-
mitter needs to be reconstructed. Both windows meet the
requirements, which means that w ∈ (T1/2;T2).

3.6 Evaluation of object location D1
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applied window
no noise
error [%]

SNR = 11dB
error [%]

SNR = 2,5dB
error [%]

no widnow 4,4005 6,8020 10,4077
Bartlett 0,2543 3,6553 5,7728
Hamming 0,1975 3,0891 6,2740
Gauss 0,1782 2,6845 6,4022
Blackman-Harris 0,0895 3,8651 4,5833
Bartlett-Hanning 0,0851 3,6039 6,0955
Hanning 0,0602 2,7795 7,2183
Parzen 0,0305 3,4071 4,9526
Nuttall 0,0043 3,5920 4,5528
Chebyshev 0,0024 3,1662 4,5753

Table 4: Application of various window functions to signal with parameters: f = 100Hz, fvz = 2000Hz;
number of rows of the matrix = 200; KP = 10. The average error is calculated from ten reconstruction
iterations.

num. of
freq.

applied
window

freq. domain
max. error [%]

time domain
max. error [%]

1 no 15 15
1 yes 7 5
2 no 15 7
2 yes 5 5

Table 5: The maximum permissible error of the reconstructed signal y’(n) versus the originally generated
signal y(n). Parameters of the generated signals are as follows: signal with single carrier frequency:
f1=100Hz, fvz = 2000Hz; signal with two carrier frequencies: f1=100Hz, f2=370Hz, fvz = 2000Hz. The
Chebyshev window was applied and the recognition test was repeated 100 times.
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w2=T1/2

ts:tp w1 w1 w2 w2T1
T2
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T2
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w3=T2
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w2 w2

w2 w2

w3 w3

w3 w3

t

f1 f2 f3 f1 ...

Figure 19: Configuration options for burst signal transmission periods and window width influence on
the analyzed signal. Use of three transmitters with zero signal delay. An illustrative example considers
the ideal case, which means that the D1 object is located at intersection hyperbolas with zero delay time.
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Figure 20: Multilateration.

Figure 21: Multilateration, ∆t1 = 0,∆t2 = 0.

Estimation of time difference of arrival (TDOA) can be
done in two ways: by subtracting the TOA from a pair
of transmitters (all modules synchronized) to obtain rel-
ative TDOAs or using correlation methods. In our case,
this means to determine the centers of the transmitted
burst signals and therefore the TDOA. By the multilater-
ation in Fig. 20 we determine the location of the desired
object D1. To determine the position in the plane, it is
necessary to obtain at least two hyperbolas. From the
known times of TDOA, it is clear which branch of hyper-
bola is a sought solution to [22]. In the simulation image,
delay times were ∆tV 1V 2 = 50ms, ∆tV 3,V 2 = 30ms and
∆tV 1V 3 = 20ms. If the object is at the same distance
from all three transmitters, the delay of each signal after
getting tp between the transmission is zero, the illustra-
tion is in Fig. 21.

3.7 Simulation
On the basis of the previous analysis, we have approached
specific scenarios for verifying the presented knowledge.
In simulations, we decided to use four transmitters to
increase position accuracy. Another factor that deter-
mines the accuracy of the solution is the sampling fre-
quency. When sampling at 8 kHz, we get a resolution of
125ms. When working at 44.1 kHz, the accuracy increases
to 22, 6µs which gives the deviation ±6, 8mm. The area
of the simulation task is a = 30m and b = 30m, as in the

previous analysis. This also means the minimum break
time of 141ms. The duration of the basic broadcasting
cycle after adding another transmitter is 1200ms, with
each transmitter ts = 100ms and tp = 1, 1s. Transmit-
ters are located in the corners of the simulated room. The
next simulation procedure is as follows:

• the random position of the localized object is gen-
erated,

• phase shift of signal based on given position is cal-
culated,

• signal sampling starts in random time,

• reconstruction of the signal takes a place,

• the center of the burst signal is identified,

• the TDOA is calculated (based on the centers of the
signals),

• position of localized object is determined,

• the absolute deviation of the generated and deter-
mined position is evaluated.

The experiment was further subdivided into two cate-
gories: single carrier frequency signal transmission with
one transmitter and transmission of a signal with two car-
rier frequencies by one transmitter. Parameters and re-
sults of each experiment are described in the following
scenarios.

3.7.1 Scenario A
We used an acoustic signal with one frequency for each
transmitter. In this case, the individual transmitters were
assigned the following frequencies:V 1 : 100Hz, V 2 : 300, V 3 :
500, V 4 : 700Hz. A Chebyshev window was applied to
the signal. The location has been tested for signals with
and without noise. The results can be found in the fol-
lowing Table. 6.

KP
SNR
[dB]

rec.
error

AO
[cm]

KP
SNR
[dB]

rec.
error

AO
[cm]

88 - 0,078 4,21 100 - 0,083 4,34
88 11 2,42 13,98 100 11 4,23 18,12
88 2,5 4,25 33,57 100 2,5 3,89 39,45

Table 6: Scenario A. AO - absolute deviation, rec.
error - reconstruction error in %.

3.7.2 Scenario B
In this scenario, two frequencies were used for each trans-
mitter. From the previous analysis, it was found that
the f1 and f2 ratio did not have a major impact on the
reconstruction. For individual transmitters, the follow-
ing frequencies were selected: V 1 : 1kHz and 300Hz;
V 2 : 700Hz and 400Hz; V 3 : 300Hz and 500Hz; V 4 :
100Hz and 600Hz. The location was as tested in the pre-
vious case with and without noise applied to generated
signals and the Chebyshev window was used.

The simulation verified that the results of both scenarios
are comparable. In one case, Scenario B shows a better
solution than Scenario A (Tab 7: KP = 100, SNR = 11).
In most cases, the results obtained by Scenario A are more
accurate. For each case, 50 simulations were performed.
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KP
SNR
[dB]

rec.
err

AO
[cm]

KP
SNR
[dB]

rec.
err

AO
[cm]

88 - 0,06 5,01 100 - 0,22 5,79
88 11 0,98 15,21 100 11 1,81 13,45
88 2,5 3,21 37,24 100 2,5 5,33 45,01

Table 7: Scenario B. AO - absolute deviation, rec.
err - reconstruction error in %.

The compression ratio used is much larger than the KP
used in the analysis. Experimentally, it was confirmed
that at fvzz = 44, 1kHz a maximum permissible error
was obtained with only 441 samples being taken - which
corresponds to KP = 100. In one case, the tolerance limit
of 5% was exceeded, Tab. 7, KP = 100, SNR = 2,5. The
compression ratio was not further increased due to the
longer reconstruction time that would be needed and in
real applications, the algorithm would then not have to be
used. The reconstruction time at KP = 100 was approx-
imately 35 seconds and KP = 88 average 8 seconds. The
reconstruction was performed on a PC with performance
parameters: Intel Core i3 2,4GHz processor; RAM: 4GB,
64-bit operating system Windows 8.1 .

3.8 Influence on Consumption
Determining the consumption of WSN modules is a com-
plex issue, depending on a number of factors - from the
number of instructions that mainly affect compiler setup,
programming style, memory usage, and the type of in-
structions the MCU supports. The most common energy
requirements is usually peripheral work, e.g. data acquisi-
tion by AD-conversion, transmission of information using
an external communication module and control of other
necessary peripheral devices. In our case, we focus on
the difference in consumption when using the compressed
sensing and without using it. To generalize the evalua-
tion, we use the following variables:

• C1, C2, C3 - overall costs for sampling, processing
and transmission,

• e1, e2, e3 - the energy needed to perform one opera-
tion (sampling, processing and transmission),

• N - the number of elements of the task in case of
classic approach,

• M - the number of elements of the task in case of
CS.

Let’s assume, that e3 � e1 > e2. Based on the following
relations, it is possible to compare the value of individual
solutions on the selected device.

C = C1 + C2 + C3,

Sampling and Processing. While in the classic sampling
the entire window section w is sampled with the number
of samples N (a), in compressed sensing is the number of
samples M (b), and often combinations of these methods
are combined in the sense of classical sampling and then
selecting M required samples (c).

(a) C1 = Ne1; C2 = 0e2,

(b) C1 = Me1; C2 = 0e2,

(c) C1 = Ne1; C2 = Me2.

Data Transmission. The constant e3 is considered the
largest because transmitting modules require the most en-
ergy for their operation. The energy to be transmitted in
individual cases can be expressed as follows

(a) C3 = Ne3, (b) C3 = Me3, (c) C3 = Me3.

Total consumption. Overall consumption of the equip-
ment in various scenarios can be expressed as follows

Ca = Ne1 + 0e2 +Ne3,

Cb = Me1 + 0e2 +Me3,

Cc = Ne1 +Me2 +Me3.

It is known, that KP = N/M , in the simulation we
achieved usable KP ≈ 10. The constant N can be sub-
stituted as 10M and the comparison of solution can be
expressed as

Ca = 10Me1 + 10Me3,

Cb = Me1 +Me3,

Cc = 10Me1 +Me2 +Me3.

From these relationships results that, scenario (a) has the
highest energy demands, followed by scenario (c). Con-
sumption for (pre)processing for scenario (b) depends in
general on how the compression sampling algorithm is im-
plemented. In this case, it is expressed as zero, but it does
not have to apply in all cases. The efficiency of using a
CS based solution depends even from the compression ra-
tio (KP) value. Consumption calculations do not include
reconstruction costs because in the designed application
we are considering a central node that meets energy and
power requirements for data reconstruction.

Conclusion
The possibilities of using compressed sensing in WSN ap-
plications are constantly expanding. The purpose of this
work was to investigate the possibilities of using com-
pressed sensing in an application of object localization in
wireless sensor networks. With this application, it would
be possible to monitor, for example, the movement of the
transport carriage in the production logistics hall or to
track the position of the robotic arm and consequently
to control it. There is recently named area using sensor
solutions and WSN - Industry IoT (IIOT) where these
methods could be used and the results could be provided
through an intranet or the Internet. In the thesis, several
aspects of this task were examined according to defined
goals.

Compressed sensing is based on the theory of a sparse rep-
resentation of data. Therefore, the basic task was to find
a suitable signal that is easy to use in a certain domain.
Another signal requirement was to be easily generated
with limited HW means. The acoustic signal fulfilled all
the conditions and therefore we used it further in the sim-
ulation example. When designing the transmitted signal,
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it was also necessary to determine the carrier frequency
of the signal. For experimental purposes, we were in the
audible area. Another objective was to explore the type
of broadcast. Two types were considered: continuous and
burst broadcasting. With the first type of transmission,
a very good compression ratio was achieved. However,
further implementation of synchronization signals would
be needed. The analysis would displace the original ap-
plication of the CS to a different area. The burst method
of transmitting the signal has been selected. Although we
achieved a slightly lower compression ratio, we can accu-
rately analyze the signal. This method of transmission
also results in a reduction in the signal frequency spec-
trum. The signal contains a zero-value sample outside the
transmitting period, and superimposed noise is present
throughout the transmission time. One of the benefits of
the work is also the use of weighing windows functions to
suppress the aforementioned effect. Due to their use, the
reconstruction error has been greatly reduced.

For the localization task, broadcasting and signal sam-
pling configurations have been defined, which are depen-
dent on the room size and also on the required accu-
racy. The simulation example consisted of distributing
the transmitters into the coordinate system of the re-
quired dimensions. Localization can be done in two ways.
The first method requires the synchronization of the trans-
mitters and the receiver, the second method only syn-
chronizes the transmitters. We decided for the second
case when no further synchronization was needed. Each
transmitter generated a signal with a specific frequency
and its position in the coordinate system. By measur-
ing the delay times (known as TDOA) of individual burst
signals, we were able to determine the location of the
hyperbolic intersections, based on known algorithms. In
addition, we have described energy dependence scenarios
in the last subchapter, which was the last of the defined
goals.
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Monitoring of water level based on acoustic emissions. In: ISCC
2015: 20th IEEE Symposium on Computers and
Communications: 6-9 July 2015 Larnaca, Cyprus. - [S.l.]: IEEE,
2015. - ISBN 978-1-4673-7194-0., s. 988-992.

Veronika Olešnaníková, Michal Kochláň, Róbert Žalman. Case-study
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