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Abstract

In the last few years powerline technology has become a commercially attractive alternative to

its wireless counterpart for in-home communications requiring high data rates. This success

has fostered research on wideband communication techniques for low voltage powerlines and

on the properties of real world powerline channels, since there are substantially different from

wireless channels in terms of both system functions and noise characteristics.

This thesis focuses on powerline data communications and, in particular, on: a) the analysis

and modeling of the behavior of indoor powerline channels; b) the development of algorithms

exploiting the knowledge of channel state to improve the reliability of powerline data commu-

nications in indoor scenarios.

In the first part of this thesis the behavior of indoor powerline channels is analyzed under

the assumption that they can be modeled as time invariant systems. A novel approach to

statistical channel modeling is derived and its application to low-voltage indoor power networks

is analyzed in the band 1–30MHz; in addition, the impact of the characterization power loads

on the performance of the proposed statistical model is analyzed. Then, different classes of

statistical models for the representation of powerline noise are illustrated and their impact

on the error performance of an OFDM-based communication system is assessed via computer

simulations.

In the second part of this thesis the time varying behavior of powerline channels is investigated.

A channel sounding tool based on a FPGA and explicitly designed to analyze the time varying

channel response of powerline channels is described. A linear periodically time varying model

for indoor PLC channels is developed and its technical relevance is assessed exploiting a set

of measurements acquired by means of the developed channel sounder.

Finally, in the last part of the thesis innovative communication algorithms exploiting the

knowledge of a time-varying model for powerline channels are devised. More specifically, novel

algorithms for data-aided channel estimation, zero forcing equalization and adaptive transmis-
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2 Abstract

sion are illustrated. The performance of these techniques are assessed and are compared with

that offered by other solutions available in the technical literature and not accounting for the

time-varying behavior of powerline channels.
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Introduction

In the last few years Powerline Communications (PLC) techniques have attracted a lot of

attention since they provide commercially appealing solutions data communication problems in

a number of scenarios (indoor multimedia communications, broadband Internet access, smart

grid applications and home automation). This is mainly due to the fact PLC systems exploit

existing powerlines as a communication medium for data transmissions; PLC data signals are

generated as high frequency and small amplitude waveform overlapping with power signals at

low frequency. Because of the availability of power grids all over the world, PLC technology

requires deployment costs comparable to that of wireless communication systems.

Powerline history and technology scenario

The first PLC applications put in place by power utilities involving voice and data communi-

cations over high voltage lines date back to 1920 [1]. In those years telephone coverage was

very limited, so that PLC systems represented the only way to exchange information for the

management of power grids.

An interesting advantage characterizing PLC technologies is represented by the capability of

implementing a system to switch on/off appliances responsible for high energy consumption

in a cheap way [2]. The first application of PLCs for load managment was implemented in the

1930s [3] to switch off heavy duty appliances in order to avoid peaks in power absorption. Re-

cently, this technology is attracting renewed interest within smart grids to implement demand

managment systems.

The systems mentioned above are characterized by low data rates and simple communication

techniques; only in 1997 a communication company in the U.K. announced to have developed

a PLC technology able to provide access to Internet with a data rate up to 1Mbit/s [2,

4]. Unfortunately, the project was closed early in 1999 for its high costs Electromagnetic

11



12 Introduction

Compatibility (EMC) issues. Other European projects working in the same direction and

proposed by Siemens and Ascom were prematurely closed too.

Since 2000, after that problems encountered in the development of Internet access applications

based on PLC were solved, the attention of industry focused on in-home applications. This

interest has stimulated the birth of several industry alliances, such HomePlug Powerline Al-

liance, Universal Powerline Association, High Definition Powerline Communication Alliance,

etc... Many products have progressively appeared on the market with data rate form 14Mb/s

to more than 200Mb/s.

Existing PLC systems can be divided in the following 3 classes.

Ultra narrow band PLC

The ultra narrow band technology operates in the range of ultralow frequencies in the band[0.3− 3] kHz

and in the super low frequencies in the band [30− 300]Hz[2]. This technology can reach very

low data rates (∼ 100bps); an historical example of this technology is represented by the load

control based on ripple carrier signaling (this used simple amplitude shift keying modulations

in the frequency band [125− 2000]Hz). This technology is characterized by a very low bit

rate, but the transmitted signals can cover distances up to some hundreds of kilometers.

Narrow band PLC

The narrow band technology operates in the very low frequencis, low frequencies and medium

frequencies bands in the range [3− 500]KHz. These systems can be splitted in Low Data

Rate (LDR) systems and High Data Rate (HDR) systems. LDR systems exploit single carrier

modulations and can reach data rates of some kilobits per second, while HDR systems adopt

multicarrier modulations with a maximum data rate around 500Kb/s.

Broad band PLC

The broadband technology operates in the high frequencies and very high frequencies bands

in the frequency range [1.8− 250]MHz and is characterized by data rates ranging from several

megabits per second to several hundreds megabits per second.
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Contribution and organization

As shown in the previous section, if ultra narrow band systems are neglected, the PLC world

can be divided in two families of systems: narrow band systems and broadband systems. Both

systems have advantages and disavantages. On the one hand, narrowband systems suffer from

a low bit rate, but are characterized by a very large distance of operation and require low cost

electronic hardware. On the other hand, broadband systems can reach high data rates, but

they are penalyzed by a limited coverage area and a high cost of electronic hardware.

An interesting opportunity in developing new indoor PLC systems is represented by merging

the advantages provided by these two technologies. Indeed in the near future applications

such as building automation and home appliances networking will be extremely pervasive.

The communication technology required by those systems will have to be cheap and reliable.

Today, broadband PLC systems require too a high cost too and their coverage area is not

large enough, whereas narrow band PLC systems offer a bit rate which is too low for most

applications. A possible key to overcome these problems is merging these two technologies to

obtain systems characterized by a medium bit rate, an high coverage area and, at the same

time, requiring low costs for their hardwares.

The only way to improve the performance of narrow band systems in terms of data rates

without increasing their cost is the development of new signal processing algorithms able to

exploit powerline channels in a more efficient way. In fact, it is well known that the hardware

costs in modem implementation depend on the computational complexity of the algorithms

exploited for data communications and on system bandwidth (together the central frequency

of the channel). This thesis shows that, if accurate channel models of powerline channels are

developed, novel and computationally efficient communications techniques can be devised to

reach bit rates above 1Mb/s also and operating at low frequency with a limited bandwidth.

The thesis is divided in 3 part. In its first part the properties of indoor powerline channels are

analyzed under the assumption that they can be modelled as time invariant systems. In its

second part indoor powerline channels are revisited to develop models accounting for their pe-

riodic time variations. Finally, in its third part novel signal processing algorithms based on the

proposed channel models and able to improve the performance of PLC systems at a reasonable

complexity are illustrated. More specifically, this thesis consists of 9 chapters, whose contents

can be summarised as follows. In Chapter 1 a linear time invariant mathematical model for

describing the transfer function of indoor powerline channels is illustrated and its application

to low-voltage indoor power networks is analysed in the bandwidth 1− 30 MHz. In Chapter
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2 the impact of load characterization on the statistical modeling of indoor powerline channels

is investigated, in terms of average properties of the channel. Chapter 3 proposes a novel

statistical model for the representation of the periodic impulsive noise affecting indoor power-

lines; this model is based on a set of experimental results acquired in a measurement campaign

and on deseasonalized autoregressive moving average representation of a stochastic process.

In Chapter 4 the impact of statistical noise modelling on the simulated error performance of

Orthogonal Frequency Division Multiplexing (OFDM) operating over indoor broadband pow-

erline channels is investigated; in particular, different classes of statistical models suitable to

represent powerline noise are illustrated and their impact on the error performance of a spe-

cific OFDM system is assessed via computer simulations. Chapter 5 focuses on the design

of a channel sounder based on an Field Programmable Gate Array (FPGA) platform for the

characterization of the linear periodically time varying behavior of indoor powerline channels.

In Chapter 6 a powerline channel representation based on so-called Zadeh’s series expansion

is proposed; moreover, various methods for estimating the parameters of this representation

are developed and compared in terms of performance and complexity. Chapters 7 and 8

illustrate some applications of the devised channel models to the development of algorithms

for channel estimation and equalization, and to bit loading techniques, respectively. Finally

Chapter 9 offers some conclusions about this Thesis.
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Linear Time Invariant Modelling of
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Chapter 1

A Novel Statistical Model for the

Transfer Function of Indoor Powerline

Channels

In this chapter a acLTI mathematical model for the representation of the trans-

fer function of indoor powerline channels is illustrated and its application to low-

voltage indoor power networks is analysed in the bandwidth 1 − 30MHz. The pro-

posed model is based on the bifilar model and on a generalization of the so called

N -branch network topology. It is shown as the model can be exploited to devise an

efficient statistical channel simulator predicting the mean impedance matrix and

transfer function between an arbitrary couple of plugs in a class of indoor networks

sharing multiple parameters (e.g., number of branches, minimum and maximum

cable lengths, power loading conditions). Moreover, it is shown that Monte Carlo

results generated by that simulator are in good agreement with a set of experimental

data acquired in a measurement campaign.

This chapter is organized as follows. In Section 1.1 a brief introduction at the

problem of powerline channel modelling is reported. In Section 1.2 a bifilar model

presented in technical litterature is analyzed, a deterministic model of a power-

line channel and a statistical simulator are proposed. Section 1.3 presents the

experimental set up used to characterize real powerline channels. In Section 1.4

simulation results are compared with experimental data to validate the developed

simulator. Finally, Section 1.5 provides some conclusions.

17



18 Chapter 1

1.1 State of the art

Recently, the interest in high speed data transmission over indoor powerline network has stim-

ulated research in the area of broadband channel modeling for these communication scenarios

[6, 7, 8, 9]. Indoor powerline channels are characterized by the multipath phenomenon, but,

unlike wireless channels, do not lend themselves to a simple description in the time or in the

frequency domains, since their behavior depend on a number of factors (e.g., the topology of

the network and the number, arrangement and characteristics of power loads connected to it).

For this reason a general channel model encompassing various propagation scenarios cannot

be easily derived.

In the last few years various deterministic models for indoor powerline channels have been

proposed in the technical literature [5, 10, 11, 12, 13, 14]. Most of the available models result

from the application of electromagnetic field theory to the problem of wave propagation in a

power grid and, consequently, are suitable to the description of specific network topologies [5,

10, 11, 12]. More specifically, a powerline characterization based on a set of network description

matrices is illustrated in [10]; this allows to identify the multiple waves travelling along a

given powerline and, consequently, to evaluate the multipath response of the given channel.

A technique for deriving a channel transfer function from a set of impedance measurements is

described in [11]. In [12] the multiconductor transmission line theory is exploited to refine the

classic bifilar model of [5]. A conceptually different approach is adopted in [13, 14], where the

use of a deterministic Tapped Delay Line (TDL), whose parameters are matched to specific

experimental results, is proposed for channel modelling.

An alternative to deterministic models is offered by statistical models, which aim at providing

a stochastic description of a family of indoor powerline channels. However few contributions

about this topic are available in the technical literature at present [15, 16, 17]. In particular,

TDL based models have been illustrated in [15, 16], whereas a statistical solution to channel

magnitude generation of indoor powerline channels has been described in [17]. The main

drawback of the available statistical models is represented by the fact that they usually do

not rely on the underlying physical structure of powerline networks, and, consequently, the

information they provide are limited to the description of the channel transfer function; in

other words, other relevant channel parameters, like, for instance, the input and the output

impedance of the channel itself, cannot be extracted from such models.
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1.2 Distribuited parameters model

1.2.1 Transmission line parameters

To apply a distribuited paramters model to indoor powerline networks, the powerline cables

must be described in terms of transmission lines. In Europe the powerline cables consist of

three isolated conductors (phase, neutral and ground) within a dielectric conduits ; a model

for a similar scenario has been adopted in [5], where analytical expressions for the distributed

parameters have been derived under the assumption of metallic conduits (that reppresent

the typical case for indoor powerline cables in Singapore). A change in the nature of the

conduit does not influence the resistance, the conductance and the inductance parameters of

the powerline. For this reason, following [5], the resistance per unit length R, the inductance

per unit length L and the conductance per length unit G can be expressed as

R =
1

πaδσc

[
Ω

m

]
, (1.2.1)

L =
µc

π

[
1

4
+ ln

(
D − a

a

)] [
H

m

]
(1.2.2)

and

G =
σC

ε

[
Ω−1

m

]
(1.2.3)

respectively, where a is the radius of the conductors, δ is the skin depth (see [5, p. 1059]), σc

is the wire conductivity, µc is the magnetic permeability of the dielectric, D is the distance

between the wires, σ is the electrical conductivity of the insulating coating and C is the

capacity per unit length. Note that (1.2.2) represents L as the sum of two contributions,

one coming from the self-inductance of single wires, the other one associated with the mutual

inductance between them. Finally, the expression of the capacity per unit length is given by

C =
3πε

2 ln

[
D
2a +

√(
D
2a

)2 − 1

]
[
F

m

]
, (1.2.4)

where ε is the dielectric permittivity of the coating insulating the conductors and is different

from that derived in [5]. In fact, it accounts for the couplings between phase and neutral,

phase and earth, and neutral and earth, but not for those associated with the conduit.

A model based on the expressions (1.2.1)-(1.2.4) is simple, but its accuracy is limited by two

factors. In fact, it is not easy to estimate some of its constants, like the dielectric permittivity ε

and the electrical conductivity σ of the insulating coating, since this consists of heterogeneous
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Figure 1.2.1: Inductance per length unit (L) and capacity per length unit (C) as a function
of the wire distance D.

materials (insulator and air). In addition, the derivation of (1.2.1)-(1.2.4) is based on the

assumption of a constant distance D between the wires of a powerline; unluckily, the cables

inside a conduit do not take fixed and rigid positions. It is important to note, however, that

1. the first problem is often encountered in other electromagnetic models and a general

solution is still missing;

2. in scenarios of practical interest, changes in the distance D between cables do not entail

substantial variations in the inductance per unit length L and in the capacity per unit

length C.

The last point can be understood referring to Fig. 1.2.1, which represents L (1.2.2) and C

(1.2.4) versus the distance D between the conductors of a powerline having: a) a permeability

of the copper cables µc equal to the vacuum magnetic permeability µ0; b) a dielectric permit-

tivity1 ε = 2ε0, where ε0 is the vacuum dielectric permittivity; c) a diameter 2a of the wires

equal to 1 mm.

1Since cable insulation is composed of both air and PVC, an average value has been adopted for this
parameter.
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Given the values of the above mentioned distributed constants, the characteristic impedance

Z0 =

√
R+ jωL

G+ jωC
(1.2.5)

and the propagation constant

γ =
√
(R+ jωL) (G+ jωC) (1.2.6)

of a given powerline can be easily computed. Finally, it is worth mentioning that the charac-

teristic impedance Z0 and the propagation constant γ can be also evaluated as [5]

Z0 =
√

ZioZis (1.2.7)

and

γ =
1

l
arctan

√
Zis

Zio
(1.2.8)

respectively. Here, l is the length of the powerline, whereas Zio and Zis are the impedances

measured at the input of the line when its output is open and shortened, respectively.

1.2.2 Deterministic model

The proposed channel model is based on the following assumptions (see Fig. 1.2.2-a)):

1. the powerline consists of a backbone and of a fixed set of branches originating from it;

2. each branch terminates with a plug, to which a load can be connected;

3. the backbone is fed by a signal, which can be received on the plug of any branch;

4. the channel is static, so that the possibility of time variations due to the nonlinear

behavior of power loads and/or to random changes in their number is not taken into

consideration;

5. the number of power loads connected to the network, their impedances and the length

of its branches are are input parameters of the simulator.

The model represents the power network as the cascade of multiple elementary cells, each

including a section of the backbone and a branch, which, in turn, is terminated on a load

or left open, as illustrated in Fig. 1.2.3. Therefore, the i-th cell is characterized by the
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Figure 1.2.2: Equivalent circuits exploited by the proposed channel simulation algorithm: a)
initial; b) after the branch substitution step; c) after the substitution of the cells following the
receiver branch; d) represented as the cascade of multiple equivalent transmission matrices; e)
represented as a single equivalent transmission matrix.

following parameters: a) the length l
(i)
T of its piece of backbone; b) the branch length l

(i)
B ; c)

the impedance Z
(i)
L of the connected load (which, for simplicity, is considered real valued);

d) the characteristic impedance Z0 and the propagation constant γ of the piece of backbone

and of each branch. To simplify the analysis, the same values of Z0 and γ have selected for

different cells of the powerline network.

It is important to point out that

1. indoor power networks are often characterized by star or tree topologies [45], or by a

combination of them. In such topologies, however, leafs with the same root, being in

parallel, can be easily replaced by a single equivalent branch and a network model similar

to that described above can be derived. The proposed algorithm, therefore, can be easily



1.2. Distribuited parameters model 23

Figure 1.2.3: Structure of the basic cell adopted by the channel simulator algorithm.

extended to account for these topologies (see Chapter 2).

2. The choice of keeping the line parameters constant across the entire network has been

dictated mainly by the need of minimising the number of input parameters of the simula-

tor, so reducing its complexity. In principle, the approach to powerline channel modeling

works even in the presence of a less restrictive assumption, i.e. when the line character-

istics do not change on a given branch, but change from branch to branch. In fact, even

in the last scenario, the algorithm illustrated in the following can be still applied.

The powerline model of Figure 1.2.2-a) is useful to derive a simple algorithm computing the

equivalent impedance matrix of the communication channel, as illustrated below.

The algorithm for the evaluation of the equivalent channel impedance matrix consists of the

following steps:

1. The equivalent impedance characterizing each branch in its point of connection with

the backbone is computed for all the branches (excluding that of the receiver); such an

impedance is given by

Z
(i)

in = Z0

Z
(i)
L + Z0 tanh

(
γl

(i)
B

)

Z0 + Z
(i)
L tanh

(
γl

(i)
B

) (1.2.9)

for the i-th branch, where l
(i)
B is the branch length and Z

(i)
L is the impedance of the load

connected to it. Then, substituting each branch with its equivalent impedance leads to

the equivalent model shown in Fig. 1.2.2-b).

2. The equivalent input impedance Z
(Rx)
eq of the subnetwork following the receiver branch

is computed, so that the model of Fig. 1.2.2-b) can be turned into its equivalent repre-

sentation of Fig. 1.2.2-c).
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3. Fig. 1.2.2-c) represents the channel as the cascade of multiple sections, each consisting

of a piece of the backbone and of a load connected in parallel at its end. Each section

can be described by its equivalent transmission matrix T(i) (also called ABCD matrix),

T(i) =

[
A(i) B(i)

C(i) D(i)

]

with its element defined as

A(i) =
V

(i)
1

V
(i)
2

∣∣∣∣
I
(i)
2 =0

, C(i) =
V

(i)
1
I2

∣∣∣∣
V

(i)
2 =0

,

B(i) =
I
(i)
1

V
(i)
2

∣∣∣∣
I
(i)
2 =0

, D(i) = I1
I2

∣∣∣
V

(i)
2 =0

,
(1.2.10)

where V
(i)
1 (V

(i)
2 ) is the input (output) voltage and I

(i)
1 (I

(i)
2 ) is the input (output) current

of each section. It can be shown that these coefficients are given by

A(i) = eγl
(i)
T

(
1 + ρ

(i)
L e−2γl

(i)
T

)

(1 + ρ
(i)
L )

(1.2.11)

B(i) = Z0

(
1− e−2γl

(i)
T

)
eγl

(i)
T , (1.2.12)

C(i) =
1

Z0

(
1− ρLe

−2γlT
)
eγlT

1 + ρL
(1.2.13)

D(i) = −
(
1 + e−2γlT

)
eγlT

2
(1.2.14)

where l
(i)
T is the line length and ρ

(i)
L = (Z

(i)

in −Z0)/(Z
(i)

in +Z0) is the reflection coefficient.

Given the transmission matrices of all the sections, the model of Fig. 1.2.2-c) can be

replaced by its equivalent of Fig. 1.2.2-c).

4. The cascade of multiple transmission matrices can be replaced by their product; this

yields the simplified model represented in Fig. 1.2.2-e) and characterized by a single

transmission matrix.

5. The elements of the equivalent impedance matrice Z can be computed as

Z1,1 =
A

C

Z1,2 =
AD −BC

C

Z2,1 =
1

C

Z2,2 =
D

C
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where Z1,1, Z1,2, Z2,1, Z2,2are the elements of the matrice Z and A,B,C,D are the ele-

ments of the transmission matrix of the previous point.

This algorithm can be easily exploited to develop a computer based channel simulator. This

allows to analyse both the impedance properties and the filtering characteristics of powerline

channels in indoor scenarios, as shown in the following Paragraph.

1.2.3 Statistical channel simulator

A stochastic channel simulator based on the algorithm described above has been developed.

Its input data are:

• the characteristic impedance Z0 and the propagation constant γ of each cable;

• the number N of branches (cells) of the power grid;

• the minimum and the maximum length of the portion of main cable included in each
cell;

• the minimum and the maximum length of the cable included in the branch of each cell;

• the minimum (Pmin) and the maximum power (Pmax) absorbed by the set of loads

connected to the network;

• the probability Popen of having an open plug in a branch.

Given these data, the following parameters are generated in a random fashion:

1. The location of the powerline output2 (i.e., of the receiver).

2. The length of all the cables contained in the network. In particular, the length of each

cable, given its minimum (lmin) and maximum (lmax) values, is uniformly distributed
3

over the interval (lmin, lmax); in addition, the lengths of distinct cables are modelled as

independent random variables.

3. The overall power P absorbed by the loads connected to the network. This parameter

P is uniformly distributed over the interval (Pmin, Pmax).

2The location of its input (i.e., of the transmitter) is always assumed at the beginning of the backbone.
3The use of a uniform distributions for the cable lengths and for the powers absorbed by network loads

may look unsuitable to indoor scenarios; note, however, that identifying a proper distribution is not easy in
this case.
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4. The power assigned to each load connected to the powerline. Since any plug (excluding

that of the receiver) can be connected to a load with a probability (1−Popen), the overall

number Nlp of loaded plugs is random. Given Nlp < N , a real weight wi, uniformly

distributed over the interval (0, 1), is assigned to the i-th loaded plug (with i = 1, 2, ...,

Nlp). Then, the power absorbed by this plug is evaluated as Pi = wi · P ·
(∑Nlp

i=1wi

)−1

and the equivalent resistance is computed, assuming a 50Hz power signal with a root

mean square voltage equal to 220V.

In particular any plug (excluding that of the receiver) can be connected to a load with a

probability (1−Popen), the overall number Nlp of loaded plugs is random and changes in each

simulation.

Different samples of the above mentioned random variables lead to distinct realizations of

a power grid with a fixed number of cells. For each of these realizations, the developed

channel simulator computes the equivalent impedance matrix between the input and output

ports exploiting the algorithm described above.Then, from the set of acquired data various

statistical information about the given scenario, like the mean impedance matrix, the mean

input and output impedances, and the mean channel transfer function, can be easily obtained.

1.3 Experimental set up

To assess the quality of the numerical results generated by the channel simulator, a mea-

surement campaign has been conducted in the research labs of the department of engineering

"Enzo Ferrari" (DIEF) at the University of Modena and Reggio Emilia. In this campaign,

experimental data about the channel transfer function have been acquired connecting a net-

work analyser HP 8753D to the available powerline network through an electrical interface,

as illustrated in Fig. 1.3.1. This interface has been implemented on the basis of the electrical

diagram represented in Fig. 1.3.2 and introduces a deep attenuation at 50 Hz, but exhibits

a flat amplitude response in the frequency range of interest (1 − 30MHz). It consists of a

band-pass LC filter and of a group of 4 protecting diodes. Note that the filter inductance

is introduced by a transformer T1-1-X65 [21], having passband 150 kHz-400MHz and whose

complete equivalent circuit is available in the application note [22]. In the frequency interval

1–30MHz[19], an approximate analysis of the inductive behavior of the circuit can be made

taking into consideration the primary (L1), the secondary (L2) and the mutual (M) induc-

tances of the transformer only; this leads to the frequency response
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Figure 1.3.1: Measurement setup.

Figure 1.3.2: Electrical circuit of the implemented wideband interface.

F (ω) =
M

L


 jωCZ

1 + jωCZ − ω2C
(
L− M2

L

)


 , (1.3.1)

expressing the complex ratio between the output and the input voltage of the interface. Here,

Z is the load impedance of the interface, C consists of the series of the two capacitors C1 and

C2 shown in Fig. 1.3.2 and the term (L −M2/L) represents the equivalent magnetization

inductance of the transformer. It is usually assumed that C1 = C2, so that C = C1/2;

moreover, being the turn ratio unitary, we have that L1 = L2 = L. The impedance Z is of

primary importance for the interface design and, since the circuit is bidirectional, Z can be

either the input impedance of the channel or the input impedance of a quadrupole connected

to that port (i.e., the input impedance of a Low Noise Amplifier (LNA) of a receiver).

From (1.3.1) it is easily inferred that Z affects the amplitude of the passband response. In

addition, the capacitors in the circuit of Fig. 1.3.2 need to be properly selected to a ensure

a cut-off frequency of the LC filter lower than 1MHz. In our lab tests, given the equivalent
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Figure 1.3.3: Transfer function of the front end connected to different realization of the power
network.

magnetization inductance L −M2/L = 0.41µH [21] and assuming a real load impedance Z,

C1 = C2 = 22 nF have been selected.

Fig. 1.3.1 shows the amplitude response of the proposed interface loaded by the impedance

Z11 generated in different runs of our channel simulator (the simulation scenario refers to a

network characterized by 18 branches and described in detail in the following Section). These

results show that the interface works properly in the range 1− 30MHz when connected to the

electrical network. Note that:

• The presence of some notches in the amplitude response of the interface bipole can
be related to the presence of sudden changes in the input impedance of the powerline

network; in fact, if the input impedance of the network becomes low, or a particular

resonance establishes between the capacitors C1, C2 and the input impedance of the

network Z, the current flow causes a voltage drop between the interface ports;

• The leakage inductance of the transformer contained in our interface introduces a pole
whose characteristic frequency is larger than 30MHz. This results in a passband behavior

of the power interface, which, however, is not visible in Fig. 1.3.1.
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Figure 1.4.1: Topology of the network in scenario #1 (a) and scenario #2 (b).

1.4 Numerical results

In this Section some results extracted from the data acquired in the measurement campaign are

compared with those generated by the channel simulator for the same scenarios. Two types

of experiments were carryed out to validate the results of the simulator: on one hand two

specific powerline networks were arranged in laboratory, on the other hand some meausures

were acquired on the powerline networks of the laboratory. For the first type of experiments

the following scenarios were considered:

• a powerline having the topology of Fig. 1.4.1(a) and whose cables consist of three
insulated wires, tied up with adhesive tape and each with section of 2.5mm2 (scenario

#1);

• a powerline having the topology of Fig. 1.4.1(b) and whose cables consist of three
insulated wires, contained in an insulating coating and each with section of 1.5mm2

(scenario #2).

In both cases all the branch plugs (excluding that of the receiver) have been left open (i.e.,

unloaded) and the network analyser has been used to measure the channel amplitude transfer

functions4 in the frequency range 1–30 MHz between the plugs P0 and P1, and between P0

4The channel phase response has not been plotted, since, for a given indoor powerline channel, its impact
on multicarrier data communications is certainly of minor importance with respect to that of the amplitude
response.
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Figure 1.4.2: Comparison between the measured and the simulated channel amplitude re-
sponses between plugs P0 and P1 (a), and between plugs P0 and P4 (b) in scenario #1.
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Figure 1.4.3: Comparison between the measured and the simulated channel amplitude re-
sponses between plugs P0 and P1 (a), and between plugs P0 and P4 (b) in scenario #2.
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and P4. The channel behavior in both topologies has been also analysed using the proposed

channel simulator; producing numerical results the following characteristic impedance and

propagation constant have been adopted:

• R (f) = 5.48 · 10−4
√
f Ω/m, L = 702nH and C = 32.9pF for scenario #1;

• R (f) = 1.017 · 10−3
√
f Ω/m, L = 493nH and C = 76pF for scenario #2;

In fact, it has been found that these specific choices ensure that best match in the minimum

mean square sense between experimental and computer generated results. Note that, given

the above assumption, the simulator can be used to generate a single channel realization for

each scenario, since the network topologies are fixed and perfectly known.

Figs. 1.4.2 and 1.4.3 compare the measured channel amplitude response with that generated

by the channel simulator in scenario #1 and in scenario #2, respectively. Those results assume

that the Channel Transfer Function (CTF) H (f) is evaluated as the ratio between the receiver

input voltage (plugs P1 or P4) and the transmitter output voltage (plug P0) when the input

signal is produced by an ideal generator (having a null output impedance) and the output

signal is collected by a receiver with an infinite input impedance5. In addition, Figs. 1.4.2-a

and 1.4.3-a (1.4.2-b and 1.4.3-b) refer to the channel between the plugs P0 and P1 (P0 and

P4) indicated in Fig. 1.4.1 (a) and (b). These results evidence a good agreement between

computer generated and measured results; it is also interesting to note that the larger gap

between measured and simulated data in Fig. 1.4.2 with respect to that of Fig. 1.4.3 derives

from the difficulty of keeping a uniform distance between the conductors contained in the

cables used in scenario #1.

A set of experimental data has also been acquired in another scenario, involving the real elec-

trical system of a room of our labs; the adopted measurement setup in this case is illustrated in

Fig. 1.4.4. In this case the total number of available plugs is 6, even if Fig. 1.4.4 indicates only

those employed for the measurements. In addition, the exact network topology is unknown, so

that measured data should be compared with simulated results from a statistical viewpoint.

Running the simulations the following assumptions have been made: a) the cable model is the

same as that used in scenario #1; b) the overall number of branches is 6; c) the minimum

(maximum) length of the main cable and of the branch in each cell is equal to 3 m (12 m);

d) the minimum (maximum) total power is equal to 0.5KW (3kW); ; e) the probability of

5Different values of the transmitter and the receiver impedance can be easily accounted for in the evaluation
of the CTF after evaluating the equivalent transmission matrix of the network.
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Figure 1.4.4: Measurement setup for acquiring a set of experimental data in our laboratory.

having an open plug is Popen = 0.3; f) the overall number of realizations generated to estimate

channel statistics is equal to 3 · 104; g) the network interface described in the previous Sec-
tion is connected both at the transmitter and receiver side. Significant statistical information

about the behavior of the CTF of the simulated channel are provided by the mean amplitude

response, by the distribution function

FH (f, h) = Pr {|H (f)| ≤ h} (1.4.1)

and by the associated Probability Density Function (PDF) pH (f, h). Fig. 1.4.5-a shows (on

a logarithmic scale) the function pH (f, h) generated by the channel simulator in the consid-

ered scenario, whereas Fig. 1.4.5-b compares the average amplitude response of considered

scenario with three different responses (associated with various couples of outlets) acquired

in the measurement campaign; in the same figure, two dashed curves representing the mean

amplitude response minus (plus) its Standard Deviation (STD) for each frequency are also

shown to describe the spread of the simulated channel realizations. These data evidence: a)

the reasonable behavior of the computer generated channel transfer functions, which exhibit a

similar behavior as the measured ones; b) the average value of the simulated |H(f)| is almost
equal to 0.3 and its std gets larger with the frequency.

To assess the impact of the number of branches and of their length on the channel behavior,

channel simulations have been repeated after tripling the number of branches (so that the

overall number of branches becomes 18) and dividing by 3 the mean length of the branches

(i.e., reducing the minimum to 1m and the maximum to 4m), so that the total mean length
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Figure 1.4.5: Representation of: a) the pdf pH(f, log(h)); b) the computer generated mean
amplitude response and some measured amplitude responses. A powerline with 6 branches is
assumed.
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Figure 1.4.6: Representation of: a) the pdf pH(f, log(h)); b) the computer generated mean
amplitude response and some computer generated realizations. A powerline with 18 branches
is assumed.
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Figure 1.4.7: Representation of |Z11| and |Z22| versus frequency for a powerline with 6 branches
(a) and with 18 branches (b).
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of the backbone remains unchanged. Some simulation results are illustrated in Figs. 1.4.6 (a)

and (b), providing the same type of information as Figs. 1.4.5 (a) and (b). Note, however,

that since no experimental data are available for the network consisting of 18 branches, in

Fig. 1.4.6-(a) some channel realizations generated by our simulator have been plotted. A

comparison of these data with the previous ones evidences that:

1. The channel behavior in both cases is similar up to about 12MHz (its attenuation ranges

between 0 and 10−2); this is mainly due to the reduced length of the network branches,

which do not produce strong reflections at low frequencies.

2. As the frequency gets larger (and, in particular, beyond 12MHz) the channel gain in the

case of 18 branches exhibits a substantial reduction in its average values and an increase

in its standard deviation. This behavior, however, is not observed in the previous case,

i.e. in the presence of 6 branches only.

The channel simulator has been exploited to analyse the behavior of the amplitude of the

coefficients Z11 and Z22 contained in the equivalent channel impedance matrix versus the

measurement frequency. The computer generated data are shown in Fig. 1.4.7 for both the

cases of 6 and 18 branches. Note that the mean absolute value for both Z11 and Z22 is

approximately equal to 150Ω with slight variations in the two cases, especially as far as the

standard deviation of these parameters is concerned.

1.5 Conclusions

In this chapter a novel approach to channel modelling for powerline communications has been

proposed. A new recursive algorithm for the evaluation of the equivalent channel impedance

matrix has been proposed and has been exploited to develop an efficient channel simulator.

Computer generated results are in excellent agreement with a set of data acquired in an

experimental campaign conducted in different scenarios.

Finally, it is important to point out that the proposed methodology for evaluation of the prop-

erties (in terms of both impedance and frequency response) of a powerline channel can be very

useful in the design of the electronic front-end of digital modems for powerline communications

and in the selection of proper transmission techniques for these applications.





Chapter 2

The Impact of Load Characterization

on the Response of Indoor Powerline

Channels

In this chapter the impact of load characterization on the statistical modeling of

indoor powerline channels is investigated in the bandwidth [100kHz− 50MHz]. The

proposed analysis refers to the mean properties of the channel (so that its time-

varying features are ignored) and is based on: a) the use of the statistical channel

simulator introduced in Chapter 1 and described in [39]; b) the availability of an

experimental data base of input impedances of various appliances.

This chapter is organized as follows. Section 2.1 illustrates the state of the art. The

hardware tools developed to acquire some experimental data about the impedance of

various commercial appliances are described in Section 2.2, where some consid-

erations about such data are also provided. In Section 2.3, after illustrating the

essential features of the adopted channel simulator, various numerical results gen-

erated by it in two different scenarios are analysed. Finally, some conclusions are

provided in Section 2.5.

2.1 State of the art

In principle, the properties of a powerline channel model are influenced by the type and

the position of the connected loads; in fact, in any scenario, the channel transfer function

between two distinct outlets depends not only on the powerline topology/cables, but also on

39
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the loads connected to the other taps of the same network. It is worth noting that, in indoor

powerlines, channel appliances may exhibit substantially different and time-varying behaviors

at high frequencies; in addition, their position may be unknown. These considerations suggest

that the assumptions about the loads connected to powerlines may substantially influence the

characteristics of the adopted channel model.

In deterministic channel modelling the number, the type (resistive or reactive) and the mag-

nitude of load impedances connected to the grid outlets can be taken as model inputs [11, 12,

14, 31, 37]; for instance, purely resistive loads with arbitrary magnitudes have been adopted

in [10, 27, 35]. Other solutions to the problem of deterministic modelling of powerline chan-

nels rely on fitting mathematical representations of the propagation medium to experimental

data (e.g., see [5, 13, 25, 28, 33, 36]). These include: a) the time-domain model and the

frequency-domain model developed in [13] (based on representing the propagation medium as

a tapped-delay line and as a cascade of a given number of independent series resonant circuits,

respectively); b) the model developed in [33] and based on factoring the channel time-variant

frequency response in two components (the amplitude and the phase characteristics); c) some

models based on transmission line theory [5, 25, 36]; d) the model proposed in [28], represent-

ing powerline channels as linear periodically time-varying systems, so that their short term

behavior can be accounted for. It is also worth mentioning that an accurate characterization

of various appliances, extracted from a set of experimental data, has been illustrated in [25]

and [28]; note, however, that on the one hand, such data have been employed to feed a deter-

ministic channel model in [25], whereas, on the other hand, they have been used to motivate

the adoption of a linear periodically time-varying model in [28].

In various statistical models all the outlets, except those employed by the transmitter and

the receiver for powerline communications, are assumed open [15], [16] or connected to purely

resistive loads [39]. Other statistical models do not rely on explicit assumptions about the

loads and are based on experimental data, or result from different theoretical approaches

[30, 34, 38, 41, 42]. Here we mention: a) the models proposed in [30, 34] and based on

transmission line theory; b) the models developed in [38] and based on a statistical study of

the widths, the heights, and the numbers of peaks and notches in the channel transfer function;

c) the tapped delay line model described in [41] and characterized by correlated lognormal tap

gains; d) the novel random topology model illustrated in [42].

Even if a significant portion of the above mentioned papers exploits a set of experimental

data to validate different channel models (e.g., see [5, 13, 30, 33, 34, 36, 38, 41, 42]), as far

as we know, few of them tackle the specific problem of the accurate characterization of grid
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loads [25, 28, 43, 45]; at the same time none of them tries to extract some general indications

about the impact of load characterization on channel modelling. These considerations have

motivated our work, which tries to shed some light on the last problem. In particular, in our

research work some experimental data about the impedance of various appliances in the band

100 kHz – 50 MHz have been acquired. Then, these have been processed by the statistical

channel simulator developed in Chapter 1 [39] to assess various first and second order statistics

referring to the input impedance and the channel impulse/frequency response of propagation

medium; more specifically, the following statistics have been evaluated: a) the mean and

the Normalised Standard Deviation (NSD) of the input impedance to the network at a given

plug; b) the mean and the NSD of the Channel Frequency Response (CFR), the Power Delay

Profile (PDP) and the CFR Autocorrelation Function (ACF) for a given couple of outlets of

the grid. Then, these statistics have been compared with their counterparts evaluated by our

channel simulator in a scenario characterised by purely resistive loads, in order to infer some

general rules about the impact of load characterization on the average behavior of powerline

channels. It is also worth pointing out that: (a) in this work loads have been characterized

both in the on state and in the off state, since their impedance can appreciably change with

their state [25, 28]; b) the time-varying nature of the powerline channel has not been taken into

account (i.e., a purely frequency selective channel has been considered), since I was interested

in certain average (i.e., statistical) properties of the propagation medium only.

2.2 Load characterization set-up

A specific electrical circuit was designed to acquire the input impedance of home ampliances,

its electric diagram is illustrated in Fig. 2.2.1. The circuit is characterized by the ports A, B an

C, connected to the power grid, to a network analyzer (the instrument HP8753D was used in

our measurement campaign) and to a given load (i.e., to the appliance of interest), respectively.

To understand the behavior of this circuit, let us assume now to modify it removing both block

A and block B, so that the impedance between the nodes a and b is given by the parallel of

the input impedance1 of the grid, of the input impedance of the network analyzer and of the

impedance of the load to be measured. Note that in this case the appliance impedance cannot

be easily estimated processing the data acquired by the network analyzer, since such data are

influenced by a time-varying unpredictable term introduced by the power network. For this

reason the block A, which “shields” the load from the grid, has been included. In fact, the task

1Note that this impedance is unknown and time-varying.
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Figure 2.2.1: Electric diagram of the designed circuit and measurement setup.

of the three capacitors CA is to short circuit the power grid, whereas that of the inductors L

is to “insulate” the system under test. It is worth mentioning that the load under test must be

properly supplied by the mains, so that its behavior can be analysed both in the on state and

in the off state. For this reason, the impedance of the inductors L needs to be negligible at the

mains frequency (50 or 60Hz), but appreciable in the band of interest; similar considerations

can be expressed for the capacitors CA. Finally, block B (composed by two capacitors CB

and by the high frequency transformer T1-1-X65) implements an high pass filter to protect

the network analyzer from the mains and, at the same time, to pick up the information signal

in the band of interest 100KHz − 50MHz with negligible attenuation. Moreover the effects

of blocks A and B can be automatically compensated for calibrating the network analyzer

directly on port C in the absence of the mains (i.e., with Port A disconnected from the power

grid, so that current absorption is limited). This requires connecting three different loads to

port C, namely a short circuit, an open circuit and 50Ω resistance. It is also worth mentioning

that: a) a proper calibration is achieved in the conditions described above if the current level

required to saturate the inductors L of Fig. 1 is larger than that absorbed by the appliance

under test; b) the proposed calibration can be also used when the circuit is fed by the mains,

provided that the inductors L do not saturate.

For each appliance under test, the network analyzer provides an estimate of the reflection co-

efficient ρ versus the measurement frequency f ; then, the load impedance ZL can be estimated
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Figure 2.2.2: Impedance of an halogen lamp (a) and of an electric knife (b) in the ON state
(thick line) and OFF state (thin line).

as

ZL (f) = Zn
1 + ρ(f)

1− ρ(f)
, (2.2.1)

where Zn is the normalization impedance of the network analyzer.

The hardware tools described above have been employed to characterize different commercial

appliances, namely an halogen lamp, an electric knife, a fridge, a mixer, an electric shaver, an

hair dryer and an analog TV set. The impedances acquired for an halogen lamp and for an

electric knife in the band of interest are shown in Figs. 2.2.2-(a) and 2.2.2-(b), respectively.

These results show that:

• the impedance of each appliance exhibits a significant dependence on frequency and is
complex;
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• the impedance of the halogen lamp in its on state is larger than its counterpart in its
off state because of the Joule effect;

• the impedance of the electric knife does not change appreciably switching from its off
state to its on state; this is probably due to the appliance power supply which hides the

effect of the internal circuits on the overall impedance.

2.3 Channel simulation

To assess the impact of power loads characterization on the accuracy of the statistical channel

model, the true input impedance of power loads must be introduced in the model. For this

reason, the experimental data acquired for various types of appliance have been organized

in a database; then a proper channel simulator suitable to exploit the (complex) measured

impedances as power loads has been developed.

The developed channel simulator adopts the well known tree topology2 for indoor powerline

networks of [29, pp. 47-48] (such a topology is illustrated in Fig. 2.3.1), characterized by:

a) multiple “backbones” departing from a single point (namely the meter unit); b) multiple

branches originating from each backbone and leading to power loads. Note that each backbone

can represent the power network of a distinct floor in a building.

In practice, in the simulations the tree topology is obtained connecting multiple backbones

whose specific features are generated by the channel simulator described in [39]. The branches,

of the computer generated topology, departing from each backbone terminate on a plug, which

can be open or connected to a power load. No branches originate from another branch, i.e.

the model is characterized by only two hierarchical levels, namely the level of the backbones

and that of the branches.

The simulator can operate in two different modes, one characterized by a variable topology,

the other one by a fixed topology of the power grid. In the first mode, a different topology

is generated at each run and the statistical channel simulator includes two distinct forms of

randomness since:

1. each outlet can be open or connected to one of the (complex) measured impedances;

2. the length of the backbones and of the branches as well as the position of the branches

with respect to the backbone is generated stochastically.

2This may also be dubbed star topology, since multiple branches originate from the same point.
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Figure 2.3.1: Example of a random generation of a powerline network characterized by a tree
topology.

In the second mode, instead, the network topology is randomly generated once and for all at

the beginning of the simulation, so that randomness is limited to the assignment of loads to

the available plugs in each run. The goal of the last mode is to investigate the long term time

variability of a PLC channel, due to switching on and off the appliances connected to a power

grid.

2.4 Simulation results

All the numerical results illustrated in this Section mainly refer to certain first order and

second order statistics of indoor poweline channels and aim at evidencing: 1) the degree of

statistical similarity existing between channel families characterized by different load condi-

tions; 2) the consistency of some numerical results generated by a software simulator with

various experimental results acquired in a measurement campaign accomplished in the labo-

ratories of DIEF. Statistical data about families of powerline channels have been generated

under the following assumptions (unless differently stated):

• the CFR H(f) is defined as the ratio between the voltage measured at the receiver and



46 Chapter 2

the voltage generated by the transmitter;

• the transmitter and the receiver are connected to two plugs randomly selected in the
power network;

• the CFR and the input impedance have been averaged over NR = 1000 channel realiza-

tions;

• 3 backbones depart from the meter unit, unless otherwise specified;

• the number of branches per backbone is uniformly distributed between 4 and 8, unless

otherwise specified;

• the length of the backbone portion between two adjacent branches is uniformly dis-
tributed between 2 m and 5 m, unless otherwise specified;

• the length of each branch is uniformly distributed between 1 m and 5 m, unless otherwise
specified;

• the number of branches originating from each backbone and their lengths, and the length
of the backbone itself are statistically independent random variables;

• the probability of having an open plug in each branch is equal to 0.3;

• the cable inductance per length unit is equal to 702 nH/m;

• the cable capacity per length unit is equal to 33 pF/m;

• the cable resistance per length unit is given by 0.548
√
f mΩ/m .

It is also important to mention that:

1. When measured (reactive) loads are taken into consideration, each outlet is characterized

by a probability mass function describing the associated load. In particular, in the

simulations, every outlet is open with a probability equal to 0.3, whereas each of the 7

characterized appliances is connected to that outlet with a probability equal to 0.1.

2. When resistive loads only are assumed, such loads are uniformly distributed3 between

4kΩ and 6kΩ. This range has been empirically selected to minimize the difference

3Please note that the following interval refers to the impedance characterizing appliances in the band of
interest (100kHz−50MHz); in fact, at the mains frequency the typical impedance of appliances is much smaller,
amounting to few tens of Ohm.
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Figure 2.4.1: Mean channel frequency response in the presence of resistive loads and of mea-
sured impedances. A variable topology is assumed for the power network.

between the CFR obtained in the presence of resistive loads and that found in the

presence of measured loads.

3. The above mentioned parameters have been selected in order to simulate a propagation

scenario similar to an in-home power network; however, at the end of this Section, a

different scenario is introduced to simulate the power grid of the labs and to compare

the simulated results with the experimental data acquired on the field.

4. The adopted cable model is based on a set of experimental data acquired in our labora-

tories. Note that the presence of grounding wires has been taken into consideration in

our characterization (see [39, Section II]).

5. The mean attenuation of the powerline channel heavily depends on the cable inductance,

capacity and resistance per length unit.

The absolute value of the mean CFR (of the mean input impedance Zin) evaluated in the

presence of resistive loads only and that evaluated on the basis of the experimental database

are compared in Fig. 2.4.1 (Fig. 2.4.2), where a variable topology mode has been selected for
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Figure 2.4.2: Mean input impedance in the presence of resistive loads and of measured loads.
A variable topology is assumed for the power network.
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Figure 2.4.3: Relative error and NSD of the mean CFR in the presence of resistive loads and
of measured loads. A variable topology is assumed for the power network.
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Figure 2.4.4: NSD of the mean input impedance in the presence of resistive loads and of
measured loads. A variable topology is assumed for the power network.

the simulator. Moreover, the relative error4er and the NSD
5 of the absolute value of the mean

CFR and of the absolute value of mean input impedance Zin are shown in Fig. 2.4.3 and in

Fig. 2.4.4, respectively, in the case of resistive loads only and in the case of measured loads.

All these results evidence that:

• the relative error er between the mean CFR evaluated in the presence of resistive loads
and the mean CFR evaluated on the basis of the experimental database is significant in

the bandwidth 0.1− 5 MHz, is smaller than 50 % in the bandwidth 5− 20 MHz and is

smaller than 20 % in the bandwidth 20− 50 MHz;

• the relative error er between the mean input impedance evaluated in the presence of
resistive loads and the same quantity evaluated on the basis of the experimental database

is appreciable in the bandwidth 0.1 − 4 MHz, is smaller than 50 % in the bandwidth

4− 20 MHz and is smaller than 20 % in the bandwidth 20− 50 MHz;

4The relative error is defined as the absolute value of the difference between the results obtained with
measured loads and the results obtained with resistive loads, normalised to the results obtained in the first
case.

5This parameter is defined as the standard deviation of a random quantity normalized to its mean value.
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Figure 2.4.5: Plot of the normalized input impedance of a given branch versus the branch
length at 25MHz. The branch load is represented by electric knife or a resistor with resistance
R = 4 kΩ.

• the mismatch between simulated and experimental results is significant in the bandwidth
0.1− 5 MHz and is moderate in the bandwidth 5− 20 MHz;

• the results obtained with resistive and measured loads are similar in the bandwidth
20− 50 MHz;

• the mean CFR is not characterized by deep frequency notches because it results from
averaging over NR = 1000 channel realizations;

• the attenuation in the mean CFR depends on the adopted cables model and is similar
to that illustrated in [47, 48];

• the NSD evaluated in the presence of the resistive loads and that evaluated on the basis
of the measured loads exhibit similar behavior for both the mean CFR and the mean

input impedance;

• the large NSD in both cases stems from the intrinsic nature of the statistical channel
simulator.

The close average behaviors in the frequency range 20 − 50 MHz as well as the mismatch

found in the range 0.1− 5 MHz lend themselves to a simple interpretation, which is provided
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Figure 2.4.6: Plot of the normalized input impedance of a given branch versus the branch
length at 1 MHz. The branch load is represented by electric knife or a resistor with resistance
R = 4 kΩ.

in the following. Let us consider a branch consisting of cables with length lb terminating on

an impedance ZL. The input impedance Zin of the branch is given by

Zin = Z0
ZL + Z0 tanh (γlb)

Z0 + ZL tanh (γlb)
, (2.4.1)

where γ is the branch propagation constant. This formula shows that each branch loads the

power network with a complex random impedance depending on both the load impedance ZL

and the product γlb. To further clarify the implications of this result, the input impedance

Zin, normalized to the characteristic impedance Z0 of the considered branch, has been repre-

sented in the Smith charts of Fig. 2.4.5 and Fig. 2.4.6 (referring to the frequencies 25MHz

and 1MHz, respectively) for a cable length lb ranging from 1 to 5m; two cases are considered

in each figure, one in which ZL is the impedance of an electric knife (measured load), the

other one in which the load is purely resistive with resistance R = 4 kΩ. Note that the input

impedance evaluated in the two above mentioned cases exhibits similar behaviors at 25MHz;

however, a significant mismatch is found at 1 MHz. This is due to the fact that in the model

the branch leading to a given outlet introduces a complex component whose effect gets more

significant as the frequency and the length lb of the wiring increase. Consequently, the actual

impedance of the appliance ZL is “randomized” by the branch at large frequencies (e.g., in

the band 20 − 50MHz); this explains why, in this scenario, an accurate characterization of

loads has a secondary impact on statistical channel modeling. In fact, the inaccuracies origi-
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nating from the rude assumption of purely resistive loads are hidden by the complex random

impedances associated with the cables of our statistical channel model. On the contrary, at

low frequencies (i.e., in the band 0.1−5MHz), the effect of the complex component introduced

by power cables becomes negligible with respect to the impact of the actual load impedance, so

that the inaccuracies in the load model appreciably affect the CFR and the input impedance

of the network. These properties of indoor powerline channels have to be carefully kept into

account in designing the analog front-end of PLC equipment, since this should be able to prop-

erly interface with a communication channel behaving differently in the presence of distinct

configurations of loads and distinct frequencies. Further work, not illustrated here in detail

for space limitations, has evidenced that this problem can be mitigated by inserting a proper

low-pass LC filter between each plug of the grid and the appliance connected to it. In fact,

such a filter is able to make the CFR H(f) and the input impedance of an indoor power grid

approximately constant (for a given network topology and independently of the number and

of the arrangement of the connected loads), making the design of the analog front-end of PLC

equipment substantially simpler. It should be kept in mind, however, that the adoption of this

strategy has certain practical drawbacks, since the inductors of low-pass filters can undergo

saturation (being excited by a power signal), short circuit at high frequencies because of their

parallel parasitic capacity and can introduce an appreciable energy loss because of their serial

parasitic resistance.

In this analysis further significant information have been provided by the power delay profile

(PDP) Ph(τ) and the CFR ACF RH(f) of the powerline channel. A comparison between the

PDP (the absolute value of the ACF) assessed in the presence of resistive loads only and that

resulting from the use of the measured loads is shown in Fig. 2.4.7 (Fig. 2.4.8). Note that,

since the Channel Impulse Response (CIR) is computed as the inverse Fourier transform of the

CFR generated by the channel simulator, the error between the two CFRs in the band 0.1−20

MHz is spread over the whole time support of the CIR, so that an appreciable difference in

the PDPs has been found. This is also confirmed by the fact that, if the considered frequency

range is limited to 20 − 50MHz, strong similarities between the PDPs are found6. Similarly,

the error between the two CFRs in the band 0.1 − 20 MHz yields a significant difference in

the ACFs.

From Fig. 2.4.8 the coherence bandwidth Bth of the communication channel can be easily

inferred for a given threshold th. In particular, B0.9 = 455 kHz has been found in the presence

6Numerical results concerning the PDPs evaluated in the band 20 − 50 MHz are not shown for space
limitations.
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Figure 2.4.7: PDP assessed in the presence of resistive loads and measured loads. A variable
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Figure 2.4.9: NSD of the mean CFR. A fixed topology is assumed for the power network.

of the measured loads. To assess the correctness of these results, we have also related the

coherence bandwidth and the delay spread στ defined as [49, eqs. (1)-(3)]. If the measured

loads are employed in our channel simulations στ = 284 ns can be inferred from the simulated

PDP, so that the equality

στ ≃
0.129

B0.9
(2.4.2)

holds; this formula is similar to eqs. (5) of [47] and (15) of [18], which have been obtained in

environments similar to the simulated one.

The impact of multiple appliances being turned on and off on the daily variability of the CFR

has been assessed running the proposed channel simulator in the fixed topology mode and

evaluating the NSD of the the absolute value of the mean CFR. Some results are shown in

Fig. 2.4.9, which evidences the presence of large variations in the CFR.

Finally, some numerical results generated by the adopted channel simulator in the variable

topology mode have been compared with a set of measured data acquired according to the

set-up illustrated in Fig. 2.4.10. More specifically, in our measurement campaign the following

specific choices have been made: a) two ports of the network analyzer have been connected

to distinct outlets of a power network through two wideband interfaces, whose structure is

described in [39] (the passband of these interfaces is represented by the interval 100 kHz –

50 MHz); b) the network analyzer has been calibrated at the input of the plugs, in order

to compensate for the effect of the transfer function of the above mentioned interfaces. In
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Figure 2.4.10: Experimental set-up for the measurement of the CFR between two plugs of a
power network.
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Figure 2.4.11: Comparison between the CFR measured between outlet 0 and outlet 2, outlet 1
and outlet 2, outlet 1 and outlet 3 with a single realization provided by our channel simulator.

addition, the input parameters of our channel simulator have been modified to match the

characteristics of our experimental environment; in particular, it has been assumed that the

length of the backbone portion and that of each branch are uniformly distributed between 5

m and 20 m. Note that the goal of this task was not extracting other channel statistics, but

verifying that the numerical results (i.e., the channel realizations) generated by our channel

simulator are consistent with measurement results, i.e. exhibit a similar behavior; however, a

close match between computer generated data and experimental data should not be expected

in this case, since the channel simulator is not deterministic. Some results are shown in Fig.

2.4.11, which compares the CFR’s measured between outlet 0 and outlet 2, outlet 1 and outlet

2, outlet 1 and outlet 3 with a single realization of the CFR produced by our channel simulator
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Figure 2.4.12: Comparison between the input impedance measured at outlet 0, outlet 2, outlet
3 and a single realization provided by our channel simulator.

in one of its runs. Similarly, in Fig. 2.4.12 the impedances measured at the input of outlet

0, outlet 2, outlet 3 are compared with a single realization of the impedance evaluated by our

simulator. These results evidence that the simulated data are consistent with measurements,

confirming the technical relevance of the proposed approach to channel modelling.

2.5 Conclusions

In this chapter the effect of the characterization of power loads on the statistical modelling of an

indoor power grid has been analysed. This investigation has benefited from the availability of:

a) a database of experimental results, showing the behavior of different commercial appliances

in the band 100kHz – 50MHz; b) a statistical channel simulator which can be fed by the

acquired experimental data. Numerical and experimental results have evidenced that, on the

one hand, an accurate characterization of power loads has a marginal effect on the properties

of statistical channel models for frequencies exceeding 20MHz, since the effect of power cables

prevails over that of load impedance and the random procedure adopted in generating network

topology hides the potential inaccuracies of the adopted load model. On the other hand, in

the band 0.1 − 5MHz, the effect of power cables is negligible with respect to that due to

load impedance, so that the characterization of the loads connected to a power network can

appreciably affect the accuracy of a statistical channel model.
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Statistical Modeling of Periodic

Impulsive Noise in Indoor Powerline

Channels

In this Chapter some new statistical models for the representation of the periodic

impulsive noise generated by power loads connected to power grids in indoor sce-

narios are developed. Their derivation is based on a set of experimental results

acquired in a measurement campaign and on Deseasonalized Autoregressive Mov-

ing Average (DARMA) modeling of cyclostationary random processes. Numerical

results evidence that the proposed models can provide an accurate stochastic rep-

resentation of the periodic impulsive noise generated by specific appliances in the

1–30MHz band, at the price of a limited computational complexity.

This Chapter begins with an analysis of noise models already available in the tech-

nical literature. The measurement set-up adopted exploited for the acquisition of

channel noise is illustrated in Section 3.2, whereas the mathematical model pro-

posed for periodic impulsive noise is derived in Section 3.3. Some experimental

and numerical results are shown in Section 3.4. Finally, some conclusions are

provided in Section 3.5.

3.1 State of the art

Recently, the strong interest in the development of high speed data communication systems

exploiting power cables as a communication medium inside apartments and buildings has fos-

57



58 Chapter 3

tered a number of research activities on the characterization of indoor powerline channels.

Such channels suffer from various impairments, among which noise plays a fundamental role

in determining the achievable error performance. Unluckily, noise in PLCs originates from dif-

ferent sources and does not lend itself to a simple statistical characterization. In the technical

literature, to ease the development of statistical models, powerline noise is usually represented

as the superposition of multiple heterogeneous components, namely colored background noise,

narrowband noise, periodic impulsive noise asynchronous to the mains frequency, periodic im-

pulsive noise synchronous to the mains frequency and asynchronous impulsive noise [14]. In

the last years significant attention has been paid to the problem of modeling the periodic

impulsive components, which usually originate from the appliances and the power suppliers

connected to powerline networks. In particular, the Power Spectral Density (PSD) of this

component and the cyclic short term variations of this PSD have been analysed in [28, 76]

respectively; then, the results of [28] have been exploited to develop a comprehensive channel

simulator for PLC [30]. Further experimental results about the main features of the periodic

impulsive noise, like the PSD and the properties of noise pulses (namely, their repetition rate,

shape, duration and amplitude) have been provided in [40, 77, 78, 79], where noise models

fitting such results have been also derived. Note, however, that only [79] has developed a

fully statistical model of the periodic impulsive noise, representing it as a sequence of pulses

whose duration, amplitude and interarrival time obey certain statistical laws. In [80, 81] other

statistical models, based on Poisson processes, have been proposed for this type of noise, but,

unluckily, they do not rely on experimental data.

In this Chapter novel statistical models for periodic impulsive noise generated by power loads

in indoor scenarios in the 1–30MHz band are presented. These models are characterized by the

following features: a) they are based on a set of experimental results acquired in laboratories

(where a proper measurement set-up has been developed to suppress the noise coming from

the power network in the band of interest, so that only the noise contribution originating from

the appliance under test is kept into account); b) they are based on Autoregressive Moving

Average (ARMA) modeling of time series1 and, consequently, they lend themselves to a simple

implementation. Note that, since periodic impulsive noise is cyclostationary [40], in principle

some specific models of the ARMA family, namely Autoregressive Integrated Moving Average

(ARIMA), Periodic Autoregressive Moving Average (PARMA) and DARMA, can be adopted

for its representation. However, in practice, in our scenario, only the DARMA approach allows

1As far as we know, ARMA models have not been previously applied to the problem of noise modeling in
indoor PLCs.
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Figure 3.2.1: Experimental set-up for the acquisition of the periodic impulsive noise generated
by a given appliance.

to develop accurate statistical models requiring a low implementation complexity. In fact, on

the one hand, ARIMA models are not suitable to fit a set of experimental data since they

are based on differentiating the acquired time series to remove the unstationarity affecting it

and this does not efficiently remove the periodicity of time series itself. On the other hand,

PARMA models can be employed to model periodic time series, but they represent a practical

solution to a modeling problem only when the set of acquired samples is small.

3.2 Experimental set-up and acquisition procedure

A number of realizations of the impulsive noise generated by different appliances under test

has been acquired resorting to the experimental set-up illustrated in Fig. 3.2.1; this consists

of a stop-band filter, a pick-up circuit and a Digital Storage Oscilloscope (DSO) DSO6052A

manufactured by Agilent Technologies. The stop-band filter has been designed to suppress

the noise coming from the power network in the band of interest (1–30MHz), so that the only

source of periodic impulsive noise reaching the oscilloscope is represented by the appliance

under test; note, however, that this filter does not affect the mains signal (characterized by a

frequency of 50 Hz in Europe), which can still feed the given appliance. The pick-up circuit

has a threefold goal:

1. to protect the DSO from the mains;

2. to accomplish pass-band filtering so that signal acquisition is limited to the band of

interest only;
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Figure 3.2.2: Stop-band filter employed in the experimental set-up of Fig.3.2.1.

3. to provide the DSO with a time trigger related to the mains frequency (50/60Hz).

As far as the implementation of the system of Fig. 3.2.1 is concerned, some details are

given in the following. The stop-band filter is a fifth order passive filter (see Fig. 3.2.2) and

is implemented as the cascade of two equal low-pass T networks (see, for instance, [82]). Its

inductors are able to both operate at high frequencies and support large currents (on the order

of a few Amperes) without undergoing saturation. Note that in this case more classical and

efficient stop-band filtering schemes cannot be employed to meet the design constraints and

that the inductors we employed are shielded by ferromagnetic cases to avoid mutual coupling

and, hence, to improve the selectivity of the filter.

The pick-up circuit has been implemented according to the electrical diagram shown in Fig.

3.2.3. This interface is endowed with three ports paired with three distinct functional blocks

(denoted A, B and C in Fig. 3.2.3) it consists of. In particular, ports J1, J2 and J3 are

connected with a powerline (coming from the output of the stop-band filter and feeding the

appliance; see Fig. 3.2.1), with the DSO input and with the DSO input for the trigger signal,

respectively. The different blocks of the pick-up circuit play the following roles:

1. Block A (power section) accomplishes high-pass filtering and, more precisely, establishes

the lower cut-off frequency of the band of interest to 1MHz (note that it removes the

mains signal, so that the DSOO is protected).

2. Block B (acquisition section) accomplishes low-pass filtering and, in particular, sets the

higher cut-off frequency of the band of interest to 30MHz; this block is decoupled by the

wideband transformer for small signals XFR1 [21] from the power section (Block A).
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Figure 3.2.3: Electric diagram and connections of the pick-up circuit employed in the experi-
mental set-up of Fig. 3.2.1.

3. 3. Block C (trigger section) provides the DSO with a trigger signal which enables the

acquisition of the periodic impulsive noise synchronously with the mains frequency. In

this block the power transformer XFR2 aims at generating an attenuated version of the

mains, to be low-pass filtered, so that possible spikes are smoothed (these might lead to

unwanted triggering events). Note that the trimmer TR allows fine calibration of the

triggering instant.

Finally, it is worth pointing out that:

1. The experimental set-up can be used to analyse both types of periodic impulsive noise

described in [14].

2. The storage memory of the employed DSO is limited to 8 · 106 samples and this limits

the acquisition time. For this reason, in our measurement campaign sequences of noise

lasting 80ms (corresponding to 4 periods of the mains) have been acquired at sampling

rate fs = 80MHz.
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3.3 DARMA models for periodic impulsive noise

Generally speaking, the DARMA approach to the modeling of a time series consists of: 1)

devising a proper one-to-one mathematical transformation which is able to remove the cyclo-

stationarity of the analysed process; 2) exploiting this transformation to generate a stationary

series; 3) employing an ARMA model to fit the last series; 4) restoring cyclostationarity via

an inverse transformation to generate a new sequence exhibiting similar statistical properties

as the original sequence. In practice, the procedure summarized by the flow diagram shown in

Fig. 3.3.1 has been adopted to implement DARMA models for the noise processes of powerline

channels.

First of all the sequence {un} acquired from the DSO connected to the pick-up circuit (with

a sampling frequency fs = 80MHz) is passed through a Finite Impulse Response (FIR) pass-

band filter selecting the spectral components falling in the band of interest (1–30MHz); note

that, in particular, this filter suppresses both the components below 1MHz coming from the

power network and the noise beyond 30MHz (possibly generated by the appliance under test).

Then, the filtered sequence {wn} is processed to compute the cyclic autocorrelation function

Rw (αk, τ) =
1

N

N−1∑

n=0

wnwn+τe
−j2παkn (3.3.1)

where αk
.
= k/Nfs (with k = 0, 1, ..., N − 1) denotes the the k-th cyclic frequency and the

parameter τ is the lag. Note that, in principle, the interference generated by each appliance can

be characterized by multiple cyclostationarity periods; each period is uniquely identified by a

peak in Rw (αk, τ). In practice, however, in the appliances under test in our laboratories two

main peaks have been found: one associated with a low cyclostationarity frequency (typically

100 Hz), which originates from the mains, and another one associated with a substantially

higher cyclostationarity frequency (on the order of 1–100kHz); the last contribution derives

from the use of a switching supply or can be explained analysing the operating principle

of the power load under test. It is important to point out that the former contribution

appears as an amplitude modulation of the noise pulses, whereas the latter one can be related

to the presence of short bursts of pulses occurring with a certain periodicity. An accurate

modeling of the periodic impulsive noise should aim at jointly representing both cyclostationary

phenomena for each appliance under test. In our work, however, separate DARMA models

of these two contributions have been developed for simplicity, so that any possible correlation

between them has been ignored. In practice, in all the considered cases, it has been found
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Figure 3.3.1: Flow diagram of the proposed technique for the extraction of DARMA models
from the acquired experimental data.

that the cyclostationarity period YL (measured in number of samples) associated with the low

cyclostationarity frequency is given by

YL =
1

100Hz
· 80Msamples/s = 800000 samples (3.3.2)

Instead, the cyclostationarity period YH associated with the high cyclostationarity frequency

(and measured in number of samples) has been evaluated as

YH = argmax
k

Rw (αk, τ) (3.3.3)

with k = 1, 2, ..., N − 1 and τ = 0. The last expression deserves the following comments:
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1. The stability of the period YH can be influenced by time-varying phenomena in the

appliance under test. A good stability is evidenced by the presence of sharp peaks in

Rw (αk, τ) and improves the performance of the proposed algorithm, which assumes a

time invariant cyclostationarity period YH .

2. Generally speaking, sampling a continuous-time cyclostationary process generates an

almost-cyclostationary time series (unless the cyclostationarity period is a multiple of

the sampling period) [83]; therefore, even if the periodic impulsive noise is cyclostationary

in a strict sense, the cyclic autocorrelation function is not characterized by lines placed at

the cyclic frequencies. In other words, the peaks are intrinsically smoothed by sampling.

Since our DARMA models developed for the representation of the high cyclostationarity fre-

quency do not aim at capturing the possible variations of YH , they can be classified as short-

term models (in other words, they provide a proper representation of the periodic noise com-

ponent over a limited time interval). On the contrary, the DARMA models describing the low

frequency cyclostationarity can be considered as long-term models.

After evaluating the two cyclostationary periods YL (3.3.2) and YH (3.3.3), the deseasonaliza-

tion technique illustrated in [84, pp. 464-466] is applied to the sequence {wn} for each of such
periods, so that the associated cyclostationary component is removed producing a stationary

sequence. For a given cyclostationarity period Y (measured in number of samples) this pro-

cedure can be summarized as follows. First of all, the time index n of the sequence {wn} is
expressed as

n = y · Y + s (3.3.4)

where y
.
= ⌊n/Y ⌋ (⌊·⌋ denotes the floor function) and s is an integer parameter whose values

belong to the set {0, 1, ..., N − 1}; note that: a) for a given sample wn , y and s represent

the period (dubbed year) and the position within the period (called season in the following),

respectively, which this sample belongs to; b) if the representation (3.3.4) is adopted, the

sample wn = wy·Y+s can be denoted wy,s. Then, for a given season s, the mean value µs and

the standard deviation σs can be computed as

µs
.
= Ey (wy,s) =

1

⌊N/Y ⌋

⌊N/Y ⌋−1∑

y=0

wy,s (3.3.5)

and
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σs
.
=

√√√√√ 1

⌊N/Y ⌋

⌊N/Y ⌋−1∑

y=0

(wy,s − µs)
2 (3.3.6)

respectively, and the cyclostationarity can be removed employing the one-to-one transforma-

tion

zy,s
.
= G (wy,s) =

wy,s − µs

σs
(3.3.7)

This produces the stationary sequence {zy,s} = {zy·Y+s} = {zn}N−1n=0 (see eq. (3.3.4)), for

which AR(p), MA(q) and ARMA(p, q) models can be developed. It is worth mentioning that

the ARMA(p, q) model for a random process {zn} can be represented as [84, 85]

(zn − µ)− φ1 (zn−1 − µ)− · · · − φp (zn−p − µ)

= an − θ1an−1 − · · · − θqan−q (3.3.8)

where µ denotes the expected value of {zn}, and {φi}pi=1 and {θj}
q
j=1 are the parameters of

the (p-th order) AR and (q-th order) MA part, and {an} is a real white Gaussian process

whose samples have zero mean and variance σ2. Since the expected value of {an} is zero, the
ARMA(p, q) model (3.3.8) can be also put in the form

zn = an −
q∑

j=1

θjan−j +

p∑

i=1

φizn−i (3.3.9)

from which, if {θj}qj=1 = 0 ({φi}pi=1 = 0) is selected, an AR(p) (MA(q)) model is obtained. In

the above described procedure for DARMA modeling the coefficients of (3.3.8) have been eval-

uated as follows. The parameters {θj}qj=1 of the MA(q) model have been computed recursively

via the innovations algorithm of [85, p. 245], i.e. using the recursive expression

θq−k = v−1k


Rz (q − k)−

k−1∑

j=0

θq−jθk−jvj


 (3.3.10)

for k = 0, 1, ..., q − 1, with v0 = Rz (0) and

vk = Rz (0)−
k−1∑

j=0

θ2k−jvj (3.3.11)
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for k ≥ 1 (note that vq corresponds to σ2, i.e. to the variance of the samples of the process

{an} feeding the MA model), where

Rz (τ)
.
= E [znzn+τ ] =

1

N

N−τ∑

n=1

znzn+τ (3.3.12)

denotes the autocorrelation of the stationary sequence {zn}. The evaluation of the parameters
{φi}pi=1 of the AR(p) model is based, instead, on the Yule-Walker equations (e.g., see [84,

pp. 96-97]); in other words the vector of the unknown parameters Φp
.
= [φ1, φ2, . . . , φp]

T is

computed as

Φp = P−1p Rp (3.3.13)

where Rp
.
= [Rz (1) , Rz (2) , . . . , Rz (p)]

T is a p-dimensional vector,

P p
.
=




1 Rz (1) · · · Rz (p− 1)

Rz (1) 1 · · · Rz (p− 2)

Rz (2) Rz (1)
. . .

...
...

...
. . .

...

Rz (p− 1) Rz (p− 2) · · · 1




(3.3.14)

is a p × p symmetric matrix; note that, in this case, the variance of the samples of {an} is
evaluated as

σ2 = Rz (0)−
p∑

i=1

φiRz (i) (3.3.15)

Generally speaking, the computation of the parameters of an ARMA(p, q) model is not as

easy as that of its AR and MA counterparts, because of numerical stability problems [86, 87].

To overcome this problem, in the modeling procedure the Matlab function armax.m [88] has

been exploited (such a procedure is based on an iterative algorithm for estimation of ARMA

parameters [89]).

Any (AR(p), MA(q) or ARMA(p, q)) model based on the procedure illustrated above can be

used to generate a stationary sequence ẑn = ẑy,s (see eq. (3.3.4)) according to (3.3.9). Then,

the cyclostationarity property can be restored through the inverse transformation G−1 (·) (see
(3.3.7)); this generates the sequence

ŵy,s
.
= G−1 (ẑy,s) = ẑy,sσs + µs (3.3.16)
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which represents a noise sequence whose statistical properties are similar to those of {wn}.
The above mentioned procedure can be applied for any value of the model orders p and q. This

raises the problem of selecting proper values for these parameters; unavoidably such values

represent a tradeoff between statistical accuracy and computational complexity. In practice,

in this model an index of the statistical accuracy is provided by the error

es
.
=

τorder−1∑

τ=0

|Rẑ (τ)−Rz (τ)| (3.3.17)

between the autocorrelation function of the given model Rẑ (τ) and that of the stationary

sequence {zn} evaluated for τ = 0, 1, ..., τorder (here τorder denotes the maximum lag for which

the constraint (3.3.17) is set). For this reason, the orders (p, q) of the ARMA model (3.3.8)

have been selected in a way that their sum (p+ q) is minimized, provided that the error es

(3.3.17) remains below a given threshold R̄s, i.e.

es < R̄s (3.3.18)

The same approach has been also adopted in the cases of AR(p) and MA(q)modeling; note that

the adopted criterion always allows to identify the minimum order of the model characterized

by a desired degree of statistical similarity with the deseasonalized sequence.

The modeling techniques described above is exploited to develop two distinct models, namely

a short-term model and a long-term model. The final step of the procedure consists to select

the model that best fits the acquired data; to this end, the model minimizing the error

ec
.
=

τmodel−1∑

τ=0

|Rŵ (τ)−Rw (τ)| (3.3.19)

between the autocorrelation function Rŵ (τ) of the devised DARMA model and that of the

acquired sequence {wn} for τ = 0, 1, ..., τmodel is selected (here τmodel denotes the maximum

lag for which the autocorrelations appearing in (3.3.19) are evaluated). Note that:

• eqs. (3.3.17) and (3.3.19) are mathematically similar because both express a degree of

statistical accuracy;

• in principle, the maximum lags τorder (see (3.3.17)) and τmodel (see (3.3.19)) take on

different values, since the former is related to the derivation of the model order, whereas

the latter is involved in the selection between short-term model and the long-term coun-

terpart.
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In summary, the approach to noise modeling we propose evolves through the following steps:

1. The acquired noise sequence is passed through a proper band-pass FIR filter to generate

the sequence {wn} .

2. The long cyclostationarity period YL is selected according to (3.3.2) and the short cy-

clostationarity period YH is estimated according to (3.3.3).

3. The one-to-one mathematical transformation defined by eqs. (3.3.4)-(3.3.7) is applied

to deseasonalise {wn} .

4. For each cyclostationarity period (YL and YH):

a) The parameters of the AR, MA or DARMA model ({φi}pi=1 and/or {θj}qj=1) are

estimated on the basis of eqs. (3.3.10)-(3.3.11), (3.3.13)-(3.3.15) or the Matlab

function armax.m [88], respectively; given the threshold R̄s, the orders (p and/or q)

of AR, MA or ARMA models are derived in a way that the sum (p+ q) is minimized

under the constraint (3.3.18).

b) A new stationary sequence ẑn = ẑy,s is generated through the devised model.

c) The inverse transformation (3.3.16) is applied to {ẑy,s} and the modeled periodic

impulsive noise {ŵy,s} is generated.

5. The short term and long term models are compared and the model minimizing eq.

(3.3.19) is selected.

3.4 Numerical and experimental results

The procedure described in previous Section has been applied to develop statistical models

for the periodic impulsive noise generated by the CRT LG FLATRON 795FT PLUS monitor.

During the experimental campaign multiple sample functions of the impulsive noise process

generated by this device have been acquired exploiting the measurement set-up described in

Section 3.2. Each sample function has been passed through a 200 taps FIR pass-band filter,

limiting the spectral components to the interval 1–30MHz. The importance of filtering can

be understood comparing Fig. 3.4.1, showing a portion of an acquired sample function before

FIR filtering, with Fig. 3.4.2, illustrating a sample function after filtering; note that, in this

case, pass-band filtering suppresses the residual power signal at 5Hz and the noise generated
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Figure 3.4.1: Sample function of the periodic impulsive noise process generated by a monitor.
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Figure 3.4.2: Output signal of a pass-band filter fed by the periodic impulsive noise generated
by a monitor.
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by switching supplies at few tens of kHz. Then, the sequence {wn} of filtered noise samples
has been processed to assess the cyclic autocorrelation function Rw (αk, τ) (3.3.1); the contour

plot of this function, shown in Fig. 3.4.3, has allowed us to establish that the short cyclosta-

tionarity period YH (3.3.3) corresponds to 1111 sampling intervals, i.e. it is associated with a

cyclic frequency equal to 72 kHz. Given YL (3.3.2) and YH the deseasonalization method of

eqs. (3.3.4)-(3.3.7) has been applied to develop a long term model and a short term model,

respectively. In the following, for simplicity, the analysis is mainly focused on the short term

model, the same considerations tare valid for the long term model. The deseasonalized time

series referring to the short term model is illustrated in Fig. 3.4.4. A statistical analysis of this

sequence has evidenced its wide-sense stationarity and its Gaussianity; it has been also found

out, however, that the samples of this sequence are correlated, so that it cannot be modeled as

a white process. Finally, AR, MA and ARMA models have been developed for the deseason-

alized sequence, assuming a threshold R̄s = 0.05 (see eq. (3.3.18)) and τorder = 71. Unluckily,

our analysis has shown that applying the deseasonalization method described by eqs. (3.3.4)-

(3.3.7) to the whole acquired sequence leads to poor statistical accuracy because of the time

instability of the cyclostationary statistics. In order to circumvent this problem, the deseason-

alization method has been applied on a block-by-block basis, assuming that each block consists

of the samples collected over 4 consecutive cyclostationarity periods (i.e., it consists of 4444

samples). The autocorrelation functions RAR(56) (τ), RMA(63) (τ) and RARMA(19,11) (τ) of the

resulting AR(56), MA(63) and ARMA (19,11) models are compared with the autocorrelation

function Rz (τ) of the deseasonalized model in Fig. 3.4.5. These results evidence that the

developed ARMA model is more efficient than its AR and MA counterparts, since it satisfies

the constraint (3.3.18) with a lower overall order.

A white Gaussian process having zero mean and variance σ2
AR(56), σ

2
MA(63) and σ2

ARMA(19,11)

has been adopted as an excitation signal for the AR(56), MA(63) and ARMA(19,11) models,

respectively, and cyclostationarity has been reintroduced resorting to the inverse transforma-

tion (3.3.16). The autocorrelation functions R
ÂR(56)

(τ), R
M̂A(63)

(τ) and R
ÂRMA(19,11)

(τ)

characterizing the seasonalized models are compared with the autocorrelation function of the

acquired sequence Rw (τ) in Fig. 3.4.6. These results show that a substantial accuracy is

achieved by the noise simulator in the short term, i.e. for τmodel ≤ 8000. Note, however, that

the parameters of the above mentioned models have been computed applying the deseason-

alization method to short blocks, so that the long term statistical properties of the periodic

noise process are not properly represented. In fact, further results (not shown here for space

limitations) have evidenced that the autocorrelation of these short term models for large lags
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Figure 3.4.3: Contour plot of the cyclic autocorrelation function Rw (αk, τ) of the impulsive
noise generated by a monitor.
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Figure 3.4.5: Comparison between the autocorrelation function Rz (τ) of the deseasonalized
sequence {zn} and the autocorrelation functions RAR(56) (τ), RMA(63) (τ) RARMA(19,11) (τ)
characterizing the developed statistical models.

(τmodel > 20000) does not carefully match that of the original time series.

Finally, we would like to mention that in our work models for the periodic impulsive noise

generated by a portable fridge Ardes TK58 have been also developed. In this case we found out

that the long term model provides a better statistical accuracy than its short term counterpart

independently of the considered lag τmodel. This result can be motivated analysing the contour

plot of the time-variant cyclic autocorrelation function

Rw (αk, τ, t) =
1

2N1 + 1

t+N1∑

n=t−N1

wnwn+τe
−j2παkn (3.4.1)

for τ = 0 and N1 = 50000 (see Fig. 3.4.7). This function shows that the noise statistics at high

frequency evolve periodically and, in particular, are synchronous with the mains frequency. In

fact, the main cyclic frequency varies between 80 kHz and 100 kHz (the mean value is about

90 kHz) with a periodicity of 10 ms and the same periodicity is found for the absolute value

of the cyclic autocorrelation function. These results lead to the conclusion that the periodic

impulsive noise generated by certain appliances is not cyclostationary in a strict sense, so

that the assumption of cyclostationarity, commonly made in the technical literature, may be

questionable in some cases. A MA(100) long term model has been developed for the fridge

under test; the accuracy of this model is evidenced by Fig. 3.4.8-(a) in the short period and
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Figure 3.4.6: Comparison between the autocorrelation function Rw (τ) of the acquired sequence
and the autocorrelation functions R

ÂR(56)
(τ), R

M̂A(63)
(τ) and R

ÂRMA(19,11)
(τ) characterizing

the developed seasonalized models.

by Fig. 3.4.8-(b) in the long period, comparing a sample function of the acquired noise with

a sample function of the simulated noise.

3.5 Conclusions

In this chapter a novel approach to the problem of modeling the periodic noise that affects

powerline communications in indoor scenarios and in the 1–30MHz band has been illustrated.

The presented approach relies on a large set of noise sample functions acquired in the laborato-

ries of DIEF and on deseasonalized autoregressive moving average modeling of cyclostationary

random processes. It has been shown that, given a set of experimental data, a simple auto-

matic procedure can be used to extract AR, MA and ARMA models from them, capturing the

short term or the long term statistical properties of the acquired periodic noise. The numerical

results have evidenced that the proposed procedure can lead to simple and accurate models
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Figure 3.4.7: Time-variant cyclic autocorrelation function Rw (αk, τ, t) of the periodic impul-
sive noise generated by a fridge for τ = 0.

and, consequently, is of great interest for emulating noise effects in computer simulations of

powerline communication systems.
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Figure 3.4.8: Comparison between a sample function of the periodic impulsive noise generated
by a fridge with the sample function of a MA(100) noise model ((a) and (b) differ for the time
scale only).





Chapter 4

Noise Modelling in OFDM Powerline

Communication Systems

In this Chapter the impact of statistical noise modelling on the error performance

achieved by OFDM over indoor broadband powerline channels is investigated. Dif-

ferent classes of statistical models suitable to represent powerline noise are illus-

trated and their impact on the error performance of a specific OFDM system is

assessed via computer simulations. Numerical results generated by computer simu-

lation are compared with the error performance provided by the same system in the

presence of measured powerline noise; this evidences that a realistic indication of

error performance can be achieved only if the power spectral density of the adopted

noise model exhibits a good match with that of the measured noise. In practice,

this result can be achieved modelling the poweline noise as a Moving Average (MA)

random process of proper order; however a satisfying match can be achieved if other

simple noise models available in the technical literature are adopted.

This Chapter is organized as follows. A brief summary of the noise models avalaible

in the technical literature is given in Section 4.1, whereas in Section 4.2 the method

exploited to analyse the error performance provided by OFDM systems in the pres-

ence of such models is described.Section 4.3 provideds a detailed description of

the OFDM-based communication system considered in computer simulations. In

Section 4.4 some indications about the experimental set-up adopted in acquiring a

set of channel noise realizations in an indoor scenario are provided, whereas an

overview of the statistical noise models considered in this Chapter is given in Sec-

tion 4.5. The error performance achieved by the analyzed communication system

in the presence of measured and model-based channel noise is analyzed in Section

77
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4.6. Finally, some conclusions are given in Section 4.7

4.1 State of the art

Recently, the growing recent interest in PLC has fostered research activities on channel mod-

elling for indoor power grids [90, 96]. Various research results available in the technical lit-

erature evidence that the properties of indoor powerline channels are usually very different

from their wireless counterparts. In fact, such channels should be often modelled as Linear

Periodically Time-Varying (LPTV) systems (e.g., see [50, 74, 91, 92] and references therein);

in addition, the noise process affecting them is not usually stationary [28, 75, 93, 94, 95, 96],

white [40, 78, 79, 98, 99] and Gaussian [76, 80, 100, 129], and should be represented as the

superposition of distinct components, characterized by different statistical features. Despite

the apparent complexity of noise modelling, various attempts have been made to develop

simplified parametric statistical models for this channel impairment. In particular, cyclosta-

tionary models, based on adapting the instantaneous PSD of channel noise to experimental

measurements, have been proposed in [28, 75, 78, 93, 94, 95, 96, 97, 99]. Other contributions

in this research field have aimed at providing an accurate characterization of the probability

density function (pdf) of the impulsive component of powerline noise [79, 80, 100, 129]. It

is also worth mentioning that in most of the available technical literature the parameters of

the proposed noise models are extracted from a set of experimental data; then, the impact of

such models on the performance of specific PLC systems is assessed by means of computer

simulations [79, 80, 95, 97, 129, 153].

4.2 Introduction

This Chapter analysis the problem of statistical noise modelling for powerline data commu-

nications based on OFDM1 from a perspective different from that commonly taken in the

technical literature. In fact, the investigation aims at showing which statistical noise models

should be adopted in the simulation of an OFDM-based communication system operating in

indoor scenario when a realistic estimate of its Bit Error Rate (BER) performance has to be

acquired. To this aim the following procedure has been adopted:

1The interest in this modulation format is motivated by the fact that it has been adopted in modern
broadband PLC standards (e.g., IEEE P1901 and HomePlug).
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1. Various realizations of the channel noise affecting powerline communications in the band

2 − 30MHz have been acquired by means of the broadband channel sounder described

in [50, 91] and have been stored in a database.

2. A computer-based simulator of an OFDM-based communication system for indoor data

communications has been developed. Then, the BER performance of the considered

system has been assessed in the presence of the measured channel noise and in the

presence of a channel transfer function represented by the realistic statistical model

proposed in [39].

3. The noise masurements have been processed to estimate the parameters of various noise

models available in the technical literature. Then, such models have been incorporated

in the system simulator and the BER system performance has been assessed for each of

them. This has allowed to compare the gap between the performance achieved in the

presence of measured channel noise and that resulting from its model-based counterparts,

and, consequently, to assess the accuracy of the considered noise models from a system

performance perspective.

4.3 System model

In this Section a brief description of the OFDM-based communication system implemented in

the developed software simulator is provided.

The adopted OFDM modulator, whose block diagram shown in Fig. 4.3.1a, generates the

transmitted signal directly in pass-band, so avoiding an explicit frequency up-conversion; this

choice is motivated by the fact that the bandwidth of the modulated signal (28MHz, if the

band 2 − 30 MHz is employed for powerline communications, as already mentioned above)

is comparable with its center frequency (16 MHz in this case). The modulator operates as

follows. Its input binary stream is partitioned in blocks, each consisting of log2(M) bits,

and every block is mapped to a channel symbol belonging to anM -ary Quadrature Amplitude

Modulation (QAM) constellation. The resulting stream of channel symbols undergoes a serial-

to-parallel conversion which generates a sequence of Nc-dimensional vectors, each containing

Nc consecutive channel symbols: let c
(l)
Nc

, [c
(l)
0 , c

(l)
1 , ..., c

(l)
Nc−1

]T denote the lth transmitted

vector. Then, for any l, the vector c
(l)
Nc
is processed as follows. First of all, a prefix of

Npre null symbols and a postfix of Npost null symbols are attached to c
(l)
Nc
. This ensures

that: a) the given Nc data symbols are transmitted over Nc adjacent subcarriers frequen-



80 Chapter 4

cies in the band 2 − 30MHz; b) Nsc = Npre + Npost subcarriers are suppressed in the band

0 − fs/2, where fs = 100MHz is the maximum sampling frequency of the OFDM simulator

(see Section 4.4). This yields the vector c
(l)
NFFT /2 , [0Npre , c

(l)
Nc

,0Npost ], where 0N denotes a

N -dimensional null row vector and NFFT , 2(Nc+Nsc). Then, a prefix, generated by revers-

ing the order and taking the conjugate of all the elements of c
(l)
NFFT /2, is attached to c

(l)
NFFT /2.

This yields the NFFT dimensional vector c
(l)
NFFT

characterized by an Hermitian symmetry,

so that undergoing the vector c
(l)
NFFT

to an Inverse Fast Fourier Transform (IFFT) of order

NFFT leads to the real vector d
(l)
NFFT

. Appending a Cyclic Prefix (CP) of Ncp symbols to

d
(l)
NFFT

produces the cyclically extended vector d
(l)
NFFT+Ncp

. After parallel-to-serial conversion,

the vector d
(l)
NFFT+Ncp

undergoes digital-to-analog conversion at a symbol frequency equal to

fs = 1/Ts (where Ts denotes the sampeling period), transmit filtering with impulse response

p (t) (a bandpass Butterworth having order 100 and pass band 2 − 30 MHz has been em-

ployed) and power amplification (the amplifier gain is denoted GT in the following). This

yields the OFDM real signal s(t) containing Nc distinct subcarriers centered at the frequen-

cies {fk = k/(NFFTTs), k = Npre, Npre + 1, ..., Npre +Nc − 1}. The real signal s(t) feeds a
powerline network characterized by the following relevant properties:

• it can be modelled as a linear time invariant system during the transmission of each

OFDM symbol (in the following h(t) and H(f) denote the impulse response and the

frequency response of the powerline channel);

• its impulse response changes in an independent fashion from symbol to symbol (i.e., a
quasi static channel model is used);

• it introduces additive noise;

• it is structured according to a branched-bus topology [102, pp. 47-48].

The last assumption entails that the analyzed power network consists of multiple “backbones”

(each representing, for instance, the power network of a distinct floor of a given building)

departing from a single point to which a metering unit is connected; multiple branches originate

from each backbone and lead to various power plugs. More specifically, the power network is

characterized by the following features: a) it contains NBB backbones, each having an overall

number of branches ranging from NBmin
to NBmax ; b) the distance that separates branches

belonging to the same backbone is uniformly distributed over the interval [LBCmin
, LBCmax ];

c) the length of each branch is uniformly distributed over the interval [LBmin
, LBmax ]; d) each
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of its power plugs may be either open with probability Popen or closed on a resistive load,

whose resistance is uniformly distributed over the interval [Rmin, Rmax].

The OFDM receiver, whose block diagram is shown in Fig. 4.3.1b, is endowed with an ideal

timing reference and a perfect knowledge of the channel response (i.e., with ideal channel state

information). In addition, it operates on a symbol by symbol basis; for this reason, in the

following the analysis is carried out on the detection of a single symbol, namely c
(0)
Ns
(denoted

cNs in the following, for simplicity). When detecting cNs , the received signal is first passed

through a filter matched to the transmit filter (so that its impulse response is equal to p(−t))
and amplified (the amplifier gain is denoted GR in the following). This produces the filtered

received signal

r (t) = s (t)⊗ h (t)⊗ p (−t) + n (t) (4.3.1)

where n (t) denotes the filtered channel noise. The signal r (t) (4.3.1) is uniformly sampled

at the frequency fs and Ncp + NFFT consecutive samples are acquired (an infinite precision

is assumed in the digital-to-analog conversion). After discarding the first Ncp received signal

samples (which are associated with the cyclic prefix), the remaining NFFT samples undergo

serial-to-parallel conversion and are collected in the vector rNFFT
= [r0, r1, ..., rNFFT−1]

T . This

vector feeds a Fast Fourier Transform (FFT) of order NFFT generating the frequency-domain

vector RNFFT
= [R0, R1, ..., RNFFT−1]

T . It is not difficult to show that (e.g., see[101])

Rk = Hkck +Nk (4.3.2)

for k = Npre, Npre + 1, ..., Npre +Nc − 1, where

Hk = GTGR H (fk) |P (fk)|2 (4.3.3)

denotes the overall frequency response of the communication system evaluated at the kth

subcarrier,

Nk =

NFFT−1∑

m=0

nm exp (−j2πkm/NFFT ) (4.3.4)

represents the noise sample affecting Rk (4.3.2), and nm is the sample of the channel noise pro-

cess n (t) affecting rm (with m = 0, 1, ..., NFFT − 1). Then, a portion of the vector RNFFT
=

[R0, R1, ..., RNFFT−1]
T , namely the vector RNc =

[
RNpre , RNpre+1, ..., RNpre+Nc−1

]T
, is pro-

cessed on a subcarrier-by-subcarrier basis. In particular, each element of RNc undergoes

zero-forcing linear equalization and minimum Euclidean distance detection; this produces an

estimate ĉNc , [ĉ0, ĉ1, ..., ĉNc−1]
T of cNc . Then, each element of ĉNc is demapped into log2M
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bits and the resulting Nc log2M bits undergo parallel-to-serial conversion, thus generating an

estimate of the stream of transmitted bits.

Finally, it is worth pointing out that:

• Minimum Mean Squared Error (MMSE) equalization has not been employed in the re-
ceiver, since in a non-stationary scenario, the estimation of the variance of the noise

affecting multiple subcarriers of the transmitted OFDM signal can represent a compli-

cated task.

• The adopted detection strategy, being based on the minimization of an Euclidean dis-
tance, is optimal only in the presence of Additive White Gaussian Noise (AWGN); un-

luckily, as already mentioned in the Introduction, the powerline noise n(t) is usually

coloured and non-Gaussian. However, the derivation of an optimal detection strategy in

the considered scenario is a complicated problem and is well beyond the scope of this

analysis.

4.4 Experimental set-up

As already mentioned in the Introduction, the error performance of the communication system

described in the previous Section has been assessed in the presence of powerline noise acquired

in a real world scenario (namely, in the laboratories of the DIEF). The tool which has been

employed during the measurement campaign to acquire a set of realization of the filtered

channel noise n(t) (see (4.3.1)) is the broadband powerline channel sounder described in the

chapter 5 and in [91] (the adopted experimental set-up is shown in Fig. 5.7.1). This channel

sounder consists of the following four basic blocks: 1) an analog front-end (right); 2) an

ADC/DAC board (bottom) operating at the sampling frequency of fs = 100 Msamples/s

with a resolution of 14 bits; 3) a Stratix III EP3SL150F1152 development board (center); 4)

personal computer (left).

In the first part of the measurement campaign our channel sounder has been employed to

acquire various sample functions of the noise processes affecting different power plugs of the

same environment (which includes a number of academic laboratories and offices). Then,

these preliminary measurements have been analyzed to characterize the most significant noise

components, namely synchronous impulsive noise, asynchronous impulsive noise and colored

background noise.
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4.5 Powerline noise models

It is well known that powerline noise can be represented as a combination of different random

processes [76, 103], namely background noise, narrowband interference, synchronous periodic

impulsive noise, asynchronous periodic impulsive noise and asynchronous impulsive noise.

This makes the development of a unified statistical model accounting for the noise properties

a formidable task. For this reason, in recent years different statistical models able to capture

specific features of powerline noise have been developed. In this Section we analyze three

important classes of statistical noise models, namely:

1. Models based on fitting the pdf of powerline noise samples [76, 80, 81, 100, 103, 104,

105, 106, 129].

2. Models based on fitting the PSD of powerline noise [98, 99, 33, 107, 108, 109].

3. Models based on fitting the statistical properties of powerline noise at the input of the

hard decision device of a digital receiver [101, 129].

The selected classes of models deserve the following comments:

• On the one hand, in developing the first class of models it is assumed that the sequence
of time domain noise samples {nk} extracted from filtered noise process n(t) consists
of independent and identically distributed (iid) random variables (rvs). On the other

hand, the noise samples are modelled as correlated rvs in the study of the second class

of models.

• The above mentioned classes of models share the following favorable features: the eval-
uation of their parameter requires a computationally easy fitting procedure and the

resulting fitting error can be reduced to a fixed level quite easily. For this reason, in

evaluating the error performance of a powerline communication system any gap between

the performance achieved in the presence of measured noise and that achieved in the

presence of the corresponding model can be usually ascribed to the nature of the model

itself and not to the fitting procedure.

• In Section 4.6 it is shown that for an OFDM-based communication system a good match
between the performance achieved with measured noise and that with modelled noise is

provided by the second class of models. For these reasons, more complex noise models
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(e.g., those based on Markov chains [93, 110] or on Poisson distributions [80, 111, 153])

have not been taken into consideration in our study.

In the following three Paragraphs a description of each of the above mentioned models is

provided and their match with the experimental results is analyzed in detail.

4.5.1 Models based on pdf fitting

As already mentioned above, for this class of models it is assumed that the time domain

sequence {nk} of noise samples consists of iid rvs, i.e. that its elements belong to a white
random process. Unfortunately, experimental data have evidenced that such random variable

(rv)s are not Gaussian [40, 78, 76, 100, 129]. However, in many cases a Gaussian Mixture (GM)

[112, Chapt. 9] can be adopted to model each noise sample, so that its pdf can be expressed

as

fn (w) =

NM∑

l=1

λl√
2πσ2

l

exp

(
−(w − µl)

2

2σ2
l

)
, (4.5.1)

where NM is the number of components of the mixture, whereas λl, µl and σ2
l are the prob-

ability, mean and variance associated with the lth Gaussian component, respectively. It is

worth mentioning that this model is able to effectively approximate a large class of distribu-

tions (e.g., see [113] and the so called Fan theorem [114]). In addition, its parameters can be

easily estimated resorting to the Expectation Maximization (EM) algorithm [115]. In prin-

ciple, other distributions, like the Nakagami [76], the Middleton class A [104, 105] and the

generalized Gaussian [129] distributions, could be employed to model powerline noise samples;

however, in our investigation such models have been discarded for the following reasons:

1. The Nakagami distribution is suitable to model the amplitude of impulsive noise [76],

but does not provide any information about the phase of noise pulses.

2. The Middleton class A distribution [104] has been introduced to describe man-made

interference and has been exploited to assess the capacity of powerline channels affected

by impulsive noise in [105]. This distribution relies on representing powerline noise as

the superposition of a Gaussian process (background noise) with one or more impulsive

random components. For this reason, its use requires identifying the number of impulsive

components and evaluating so called Gaussian-to-impulsive power ratio; unluckily, these
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tasks are not easy. In addition, it is known that a Middleton class A distribution can be

accurately approximated by a GM distribution (e.g., see [116]).

3. The generalized Gaussian model has been introduced in [129] to model the noise affecting

each subcarrier of an OFDM system employing Binary Phase Shift Keying (BPSK), i.a.

a monodimensional constellation on each subcarrier. When bidimensional constellations

(e.g., square constellations) are used, bivariate modelling is required to describe the

joint statistical behavior of the in-phase and quadrature components of (complex) noise.

Unluckily our results have evidenced that extending the approach proposed in [129] to

the case of bidimensional constellations may lead to significant errors, especially when

the distribution of measurements is appreciably non-Gaussian and/or multimodal.

4.5.2 Models based on PSD fitting

This class of models is based on representing the powerline noise as a coloured, wide-sense

stationary, Gaussian random process with a given PSD. For this reason, such models are

able to capture the correlation between noise samples, but usually do not account for the pdf

characterizing each noise sample. This class is exemplified by the so called Esmalian model

[107, 108], characterized by the single sided PSD

PSDn (f) = A+B · fC

[
dBm

Hz

]
, (4.5.2)

where A, B and C are real parameters and by the so called Omega model, characterized by

the PSD

PSDn (f) = 10 log10

(
1

fx
+ 10y

)[
dBm

Hz

]
, (4.5.3)

where x and y are real parameters. It is worth mentioning that C = −1/2 is often assumed
in (4.5.2), so that this PSD becomes

PSDn (f) = A+
B√
f

[
dBm

Hz

]
. (4.5.4)

Experimental campaigns have evidenced an exponential decrease of noise PSD as frequency

gets larger; for this reason, the PSD expression

PSDn (f) = N0 +N1 exp

(
− f

f1

)[
dBm

Hz

]
, (4.5.5)

has been proposed by Philipps; here, N0 is the one-sided PSD of the (background) white

component, whereas N1 and f1 are proper real parameters whose values are selected in a way

to approximate the noise PSD at low frequencies.
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The models (4.5.2)-(4.5.5) are simple but, unluckily, are unable to account for the presence of

narrowband interferers that can play a significant role in some cases. For these reason, (4.5.5)

has been modified as [109]

PSDn (f) = N0 +N1 exp

(
− f

f1

)
+

NI∑

k=1

Ak exp

(
−(f − f0,k)

2

2B2
k

)
, (4.5.6)

where Ak, f0,k and Bk represent the amplitude, frequency and bandwidth, respectively, of

the kth interferer, with k = 1, 2, ..., NI , and NI denotes the overall number of narrowband

interferers. In [109] a two-step procedure based on a median filter followed by a nonlinear filter

has been proposed to separate the background noise from the narrowband interferers; however,

no guidelines have been provided for the design of these filters and this has prevented us from

considering the model (4.5.6) in this study. Despite this, some ideas illustrated in [109] have

suggested us to adopt a MA model of order p [85] to represent the powerline noise in the same

scenario as that for which the model has been devised (4.5.6). This model has the relevant

feature that its parameters can be estimated through standard algorithms (e.g., the so called

innovations algorithm [75]).

4.5.3 Models based on fitting the statistical properties of noise at the

input of an hard detector

In assessing the error performance of an OFDM system via computer simulations, the frequency

domain model (4.3.2) is often generated directly, i.e. the subcarrier gains {Hk, k = Npre, Npre + 1, ..., Npre +Nc −
and the noise samples in the frequency domain {Nk, k = Npre, Npre + 1, ..., Npre +Nc − 1} are
generated according to given distributions. For instance, in the field of wireless communica-

tions the noise samples {Nk} are often modeled as iid Gaussian complex rvs; however the
suitability of such a model to powerline communications has not been carefully investigated

yet. For this reason, the following three features have been extracted from the measurements

(all the parameters of the considered communication system are provided in Section 4.6):

1. The pdfs of the frequency domain noise samples for each subcarrier, in order to assess

their degree of similarity with a bivariate Gaussian pdf.

2. The covariance

Cm,k = E {(Nm − µm) (Nk − µk)} (4.5.7)
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between the noise samples affecting the mth and the kth subcarriers, where µp denotes

the mean of the noise samples
{
N

(l)
p , l = 0, 1, ...

}
affecting the pth subcarrier in subse-

quent OFDM symbols; the estimation of this second order statistic is required to unveil

if the property of “local” wide sense stationarity holds for the discrete time stochastic

process
{
N

(l)
p , l = 0, 1, ...

}
.

3. The correlation coefficient

ρm,k =
Cm,k

σmσk
, (4.5.8)

where σp denotes the standard deviation of the noise samples
{
N

(l)
p , l = 0, 1, ...

}
, with

m 6= k; this coefficient allows us to assess the correlation degree between noise samples

affecting close subcarriers.

First of all, in processing the noise samples affecting the kth subcarrier (with k = Npre, Npre+

1, ..., N + Nc), the pdf of the noise sequence
{
N

(l)
k , l = 0, 1, ...

}
has been estimated as the

GM with NM = 3 components achieving the best match with experimental data; this has lead

us to generating a family of functions
{
f̂k (n) , k = Npre, Npre + 1, ..., Npre +Nc − 1

}
, where

f̂k (n) denotes an estimate of the noise pdf fk (n) for the kth subcarrier. Our results have

evidenced that:

• The estimated pdfs usually exhibit substantial deviations from a bivariate Gaussian

PDF.

• On most of the subcarriers the noise pdf exhibits a multimodal behavior and a good

match with experimental data is provided by a bivariate GM model characterized by

few components; this is exemplified by Fig. 4.5.1, showing GM models characterized by

NM = 3 components for a couple of subcarriers (we have accurately checked that no

overfitting occurs).

• In our scenario the generalized Gaussian model proposed in [129] achieves poor accuracy.

Then, the covariances {Cm,k} and the corresponding correlation coefficients {ρm,k} have been
evaluated for all the possible couples of useful subcarriers. Our results have shown that:

• A negligible correlation between the samples of frequency domain noise affecting distinct

subcarriers is found in the band 12−30MHz; noise correlation becomes more significant,

but is still weak, in the band 2 − 12 MHz, as evidenced by Fig. 4.5.2 that shows the

amplitude of the estimated correlation coefficients {ρm,k};
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Figure 4.5.1: GMapproximation for the bivariate pdfs of the complex noise affecting the sub-
carriers centered at (a) 6.787 MHz (k = 140) and (b) 7.812 MHz (k = 161) in an OFDM
transmission.

• The variance of noise samples may change from subcarrier to subcarrier;

• The correlation between noise samples referring to a given subcarrier, but affecting

adjacent OFDM symbols, is negligible.

The above mentioned results have lead us to the conclusion that in the considered scenario a

simple Frequency Domain Noise Model (FDNM) can be developed to assess the error perfor-

mance of an OFDM system; this statistical model has the following properties:

• the noise samples affecting a given subcarrier over consecutive OFDM symbols and the

noise samples affecting distinct subcarriers of a given OFDM symbols are statistically

independent;

• each noise sample can be accurately represented by a bivariate GM whose parameters

change from subcarrier to subcarrier according to the measured PSD.
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Figure 4.5.2: Absolute value of the cross correlation coefficient ρm,k evaluated for the noise
samples affecting the subcarriers of an OFDM system that operates in the band 2-30 MHz.
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Figure 4.5.3: BER performance assessed in the presence of an AWGN model, an AWGMN
model and the measured noise.
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4.6 Numerical results

The influence of powerline noise modelling on the error performance of a specific OFDM

communication system has been assessed via computer simulation. In particular, the selected

OFDM modulation is characterized by the following parameters: a) useful band: 2− 30MHz;

b) symbol period: Ts = 1/fs = 10 ns; c) data rate: 75.3Mbps; d) FFT order: NFFT = 2048;

e) number of useful subcarriers: Nc = 574 (with Npre = 39, Npost = 411); f) CP length:

NCP = 1000 (the resulting CP duration is equal to NCPTs = 10 µs); g) constellation: 16-

QAM over each subcarrier (M = 16).

The simulated powerline communication channel has the following features: a) number of

backbones: NBB = 5; b) minimum and maximum number of branches for each backbone:

NBmin
= 1 and NBmax = 6, respectively; c) minimum and maximum distance separating two

branches on the same backbone: LBCmin
= 1 m and LBCmax = 4 m, respectively; d) minimum

and maximum length of each branch: LBmin
= 0.5 m and LBmax = 2 m, respectively; e)

minimum and maximum resistive load: Rmin = 10 Ω and Rmax = 3000 Ω, respectively; f)

probability of an open plug: Popen = 0.3. It is worth pointing out that the root mean square

delay spread of the simulated channel is equal to 1.1 µs and is much shorter than the CP

duration (10 µs), so that inter-block interference is avoided at the receive side.

As far as the simulation of channel noise is concerned, the use of different models has been

taken into consideration. First of all, the impact of the pdf selected for the time domain

noise samples {nk} on the error rate performance has been assessed considering: 1) a complex
AWGN sequence with a given variance; 2) a complex Additive White Gaussian Mixture Noise

(AWGMN). The noise variance in the first case and the parameters of the GM (4.5.1) in

the second one have been extracted from our measurments. Figure 4.5.3 compares the BER

performance assessed in the presence of measured noise with that achieved in the presence of

the above mentioned two noise models; note that the Signal-to-Noise Ratio per bit (SNRb) has

been evaluated as the ratio between the average received energy per bit of the useful signal

component and the average one-sided noise PSD evaluated over the selected transmission

band. These results evidence that: a) an accurate fitting of the noise pdf (via a GM model in

this case) has a negligible impact on error performance; b) neglecting the correlation of noise

samples (i.e., assuming a flat PSD) may lead to really poor accuracy in the assessment of error

performance (the energy gap between measured and estimated performance may be as large

as 10 dB). Therefore, to make noise modelling realistic, the correlation of time domain noise

samples (or, equivalently, the shape of noise PSD) has to be carefully accounted for. This poses
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a serious problem because the powerline noise is not stationary [28, 75, 93, 94, 95, 96, 97] and,

in principle, models based on approximating the PSD could not be applied. However, the noise

process can be considered almost-cyclostationary with a fundamental frequency of 100Hz (i.e.

twice the mains frequency of 50Hz) [28, 75, 94, 95, 96, 97], so that the PSD of the noise can be

estimated over a time support of 10 ms (corresponding to one period of cyclostationary); note

that this approach does not limit the generality of our study, since 10 ms represents a very

long time with respect to the OFDM symbol duration of (NIFFT +NCP )Ts ≃ 30 µs. Then,

the following approach to PSD fitting and noise modelling has been pursued. First of all, an

Autoregressive (AR) model of order p has been considered, and the PSD of the measured noise

samples {nm} has been estimated as [85]

PSDAR (f) =
σ2
z

|1−
∑p

m=1 φm exp (−j2πmfTs)|2
, (4.6.1)

where σ2
z is the variance of the discrete time white noise process feeding the model and

{φm}pm=1 are its taps; note that these parameters can be easily extracted from the acquired

samples resorting to the so called Yule-Walker method. Then, the parameters of the Es-

malian (4.5.2), Omega (4.5.3), simplified-Esmalian (4.5.4) and Philipps (4.5.5) models have

been extracted from PSDAR (f) (4.6.1) using a Least Squares (LS) approach. In practice,

for the considered observation interval, the following values have been identified: a) Esmalian

model: A = −144 dBm/Hz, B = 443 dBm/Hz2, C = −0.10; b) simplified-Esmalian model:

A = −156 dBm/Hz, B = 521 dBm/Hz2; c) Omega model: x = 2.01, y = −14.7; d) Philipps
model: N0 = −144 dBm/Hz, N1 = 63 dBm/Hz, f1 = 2.86 MHz.Finally, the corresponding

noise processes have been generated feeding a filter characterized by the frequency response

G (f) =
√

PSDn (f) with a white Gaussian noise process of proper variance [109], where

PSDn (f) denotes the PSD of one of the above mentioned models.

Fig. 4.6.1 compares the PSD of the measured noise (p = 100) and those estimated with the

models (4.5.2)-(4.5.5) in the considered scenario. From these results it is easily inferred that

the PSD models (4.5.2)-(4.5.5) are unsuitable to provide an accurate representation of the

measured PSD shape; this is mainly due to the fact that the related smooth functions cannot

adequately account for the presence of narrowband interferers. On the contrary, an accurate

approximation is obtained adopting an MA model of proper order; this is exemplified by Fig.

4.6.2, which compares the PSD of the measured noise with that of an MA model of order

p = 1000 (briefly, an MA(1000) model), whose parameters have been assessed by means of the

innovations algorithm illustrated in [75].
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Figure 4.6.1: Comparison between the PSD of the measured noise and that of the models
(4.5.2)-(4.5.5).
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Figure 4.6.3: BER performance achieved in the presence of the measured noise, the noise
models based on (4.5.2)-(4.5.5), a MA(100) model and a MA(1000) model.

It should be expected that a substantial mismatch between the PSDD of measured noise

and that of a noise model may lead to a relevant performance gap in terms of BER. This

idea is exemplified by Fig. 4.6.3, which compares the BER performance of the OFDM system

operating in the presence of measured noise with the BER performance achieved in the presence

of the PSD models (4.5.2)-(4.5.5), MA(100) model and MA(1000) model. On the one hand,

the BER performance achieved with the simplified-Esmalian (4.5.4), Philipps (4.5.5) and MA

models is very close to that obtained with the measured noise (the energy gap is limited

to ±1 dB); on the other hand, a substantial mismatch is found with the Esmalian (4.5.2)

and Omega (4.5.3) models, since the energy gap is larger than 5 dB. These results evidence

that the PSD represents a fundamental property of the noise to be captured by any powerline

OFDM simulator, since its shape significantly affects the BER achievable over each subcarrier.

For the sake of fairness, it is also important to note that the use of MA models involves a

computational complexity by far larger than that required by the simplified-Esmalian (4.5.4)

and Philipps (4.5.5) models; however, the computational burden entailed by noise generation

is always negligible with respect to that required for OFDM demodulation.

Finally, the impact of the model adopted in generating the frequency domain noise samples

{Nk} (see (4.3.2)) on the error performance is investigated, since the received signal is often

generated directly in the frequency domain. In particular, the BER performance achieved in
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Figure 4.6.4: BER performance achieved in the presence of measured noise, an FDGM model
and an FD-AWGN model.

the presence of the FDNM (see Section 4.5.3) has been compared with that usually achieved

by OFDM simulators, according to which frequency domain noise samples {Nk} can be repre-
sented as iid complex Gaussian rvs (this model is dubbed Frequency Domain Additive White

Gaussian Noise (FD-AWGN), in the following). The BER performance of the OFDM system

employing the noise samples {Nk} measured in the frequency domain is considered as refer-

ence. Fig. 4.6.4 shows that, on the one hand, an excellent match can be achieved with the

FDNM, for which the energy gap is limited to a small fraction of dB; on the contrary, the

FD-AWGN model is unable to reproduce the physical behavior of powerline noise, since the

energy gap is larger than 15 dB at high SNRbs.

4.7 Conclusions

In this chapter the impact of statistical noise modelling on the error performance achieved by

anFDNM communication system has been investigated. The presented study is based on an

experimental database of noise realizations collected in an indoor power grid. The availability

of experimental data has allowed to assessFDNM performance in the presence of broadband

powerline noise measured in a real world scenario. The results have evidenced that the shape

of the noisePSD plays a fundamental role and represents the main feature to be captured by an
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accurate noise model. In addition, it has been shown that the commonly adopted FD-AWGN

model is unable to account for the BER performance provided by anFDNM system in the

presence of broadband powerline noise.
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Chapter 5

Design and Implementation of a

Powerline Channel Sounder

Estimating the input-output behavior of low voltage powerline channels for indoor

high speed data communications requires the availability of proper wideband channel

sounding tools. In fact, the properties of real world powerline channels are substan-

tially different from those commonly exhibited by their wireless counterparts, so that

standard methods for wireless channel sounding cannot be adapted to a powerline

scenario. In this Chapter, after providing some general design guidelines for pow-

erline channel sounding, a detailed description of a FPGA-based implementation

of a wideband powerline channel sounder is provided. Such a tool is based on low

cost hardware and is flexible, since it can be easily customized to user needs using

a set of simple graphical user interfaces. Some of its specific applications, namely

the estimation of the time-varying transfer function of an indoor powerline chan-

nel and the evaluation of the power spectral density of the noise affecting it, are

illustrated to show the potentialities of the developed equipment.

This Chapter is organized as follows. Section 5.1 provides a brief overview of

the tools for the investigation of powerline channels. In Section 5.2 some design

requirements for powerline channel sounding are provided. The architecture of

the developed channel sounding tool is described in Section 5.3. Various technical

details about this tool are provided in Sections 5.4, 5.5 and 5.6, which focus on

its analog front-end, FPGA processing and graphical user interfaces, respectively.

Some experimental results are illustrated in Section 5.7, where specific applications

of the sounder are taken in consideration; in particular, its use for acquiring the

time-variant transfer function of an indoor powerline channel and the power spec-

99
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tral density of the noise affecting it are discussed. Finally, Section 5.8 offers some

conclusions.

5.1 State of the art

In the last few years powerline technology has become a commercially attractive alternative

to wireless technology for in-home applications requiring high speed data communications.

This success has fostered research in wideband communications over low voltage powerlines

and, in particular, has motivated the interest in a deeper understanding of the properties of

their propagation medium. Unfortunately, the properties of real world powerline channels are

substantially different from those of their wireless counterparts in terms of system functions

and noise; for instance, the frequency response of such channels is usually periodic [50], so

that standard methods for wireless channel sounding (e.g., see [51], [52] and references therein)

cannot be adopted for its measurement. This raises the problem of developing new channel

sounding tools. Even if some powerline channel emulators have been proposed [53], [54], [55]

or have been made available on the market [56], the problem of designing and implementing

technical solutions for wideband sounding of powerline channels has not been tackled yet

in the technical literature. This chapter aims at filling this gap by providing some design

guidelines for powerline channel sounding and by describing a specific low cost FPGA-based

implementation of a powerline channel sounder.

5.2 Design requirements for the sounding of wideband

powerline channels

Channel sounding tools commonly rely on simple theoretical principles. In fact, the response

of a given communication channel can be usually related to its excitation through a specific

system function (e.g., the channel transfer function) in a simple fashion. Then, if the excitation

(i.e., the probing signal) is properly selected, in principle an estimate of the involved system

function can be easily extracted from a set of samples of the channel response. However, when

applied to wideband sounding of powerline channels, the implementation of this procedure on

a digital hardware platform requires addressing carefully various technical issues; these lead

to various design requirements, as discussed in detail below.

Signal generation and acquisition - The probing signal generated by a channel sounder is

employed to scan a specific portion of the available frequency spectrum. In powerline commu-
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nications two different bands have been standardized [57, 58]; one consists of the frequencies

lower than 500 kHz (allocated mainly for home and building automation as well as for appli-

cations related to the smart grid), whereas the other one covers the frequency range 1.8− 30

MHz (devoted to high data rate applications). The channel sounder described in this chapter

has been designed to sound powerline channels up to 30 MHz. This entails that, if a digital

hardware platform is used for the generation of a probing signal, it has to be equipped with

a Digital to Analog Conversion (DAC) device operating at a frequency fs not smaller than

2 · 30MHz = 60MHz. In practice, in our channel sounding tool the frequency fs = 100MHz

has been selected; note that this frequency is also employed by an Analog to Digital Con-

version (ADC) device when acquiring the channel response to the probing signal. Another

important technical issue concerning the probing signal is represented by the selection of its

duration. In fact, powerline channels are LPTV [50, 53, 59]; in addition, their variations are

synchronous to the mains [59] and are characterized by a period T0 = 10 ms (if the mains

frequency is equal to 50 Hz). Therefore, the duration of the probing signal depends on both

the desired frequency resolution and the periodicity of time variations; in practice, one or more

periods (i.e., fsT0 = 106 samples or a multiple of this quantity) need to be acquired in each

measurement interval [50], so that the selected hardware platform has to be endowed with a

fast memory access and a proper data storage capability. To address all the above mentioned

technical issues, an FPGA Stratix III Digital Signal Processing development board [60] has

been employed in the implementation of our tool. This board is based on an EP3SL150F1152

FPGA, which is able to operate at a maximum internal clock speed equal to 600 MHz and

a maximum clock speed equal to 400 MHz in interfacing with its DDR2 memory [61]. In

addition, the employed board is equipped with: a) one bank of DDR2 memory able to store 1

GByte and two DDR2 memory chips able to store 32 MBytes each (additional details about

this are provided in Section ); b) a GigaBit Ethernet port for exchanging data with a personal

computer.

Coupling of the channel sounder with powerlines - The topology and the properties of ca-

bling in low-voltage powerlines are usually unknown; in addition, the input impedance of the

loads (e.g., home appliances) connected to them exhibit an unpredictable frequency depen-

dent behavior. For these reasons, the impedance of powerlines is usually unknown and may

undergo significant time variations (due to connection/disconnection of power loads), and,

consequently, the output (input) impedance of the channel sounder cannot be matched to the

input (output) impedance of the communication medium. This problem has to be carefully

taken into account when designing the analog coupling circuit connecting the channel sounder
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Figure 5.3.1: Block diagram of the developed channel sounder.

to a power network. In particular, a good protection of the low voltage circuitry of the sounder

has to be guaranteed and low noise amplification has to be employed in signal acquisition, since

probing signals may experience a deep attenuation.

5.3 Architecture of the developed channel sounder

The architecture of the channel sounding tool implemented in our labs is shown in Fig. 5.3.1.

The developed tool consists of the following blocks: a Power Analog Front-End (PAFE), an

interface for ADC and DAC, an FPGA development board and a personal computer. A

description of the tasks accomplished by each block is provided below.

Personal computer - The personal computer provides the FPGA board with a sampled version

of the probing signal and process the samples of the corresponding response acquired by the

board itself. A software application based on Matlab and running on the personal computer

has been developed to ease the use of the channel sounder. This application provides various

simple graphical user interfaces (GUIs) for handling different high level tasks (e.g., generation

of an arbitrary probing signal, start and stop of the measurement procedure and plot of the

acquired data).

FPGA development board - All the real-time critical tasks of the channel sounding procedure

are directly managed by the FPGA development board. In particular, during this procedure

the FPGA feeds the data conversion interface with the samples of the probing signal to be

sent over a powerline channel and at the same time stores in a DDR2 memory the samples of

the channel response acquired by the interface itself in one or more consecutive periods (each

lasting T0 = 10 ms). At the end of each measurement, the acquired data are moved from the

FPGA board to the personal computer through its Gigabit Ethernet interface.

Data conversion interface - The FPGA is equipped with an Altera HSMC data conversion

interface [62] employed for the DAC of the probing signal and the ADC of the corresponding

channel response. The main components of this interface are two Digital-to-Analog (D/A)
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converters and two Analog-to-Digital (A/D) converters, all characterized by a 14 bit resolution

and a [−256,+256] mV dynamic range. In addition, the maximum operating frequency is

275MHz and 150MHz for the D/A converters and A/D converters, respectively.

The PAFE represents an interface between the powerline network and the data conversion

interface. Its tasks are:

• decoupling the data conversion interface from the powerline network at low frequencies

in order to prevent damages potentially due to the high voltage of the mains;

• feeding the powerline with a signal of proper amplitude (the output stage of the D/A

converter is terminated on a 50Ω resistance and is unable to generate an output current

larger enough to drive a powerline network);

• amplifying the response of the powerline to the probing signal;

• ensuring impedance matching on the A/D converter input port.

Additional technical details about the PAFE, the FPGA development board and the GUIs are

provided in Sections IV, V and VI, respectively.

5.4 Power analog front-end

In this Section the architecture of the PAFE is described first; then some details about its

amplification chains and trigger generation are provided.

Front-end architecture

The architecture of the PAFE is illustrated in Figure 5.4.1. This block contains the following

elements:

• A power amplifier for the signal generated by theD/A converter; this device has a voltage

gain equal to Ga = 1, but is able to drive the powerline channel even in the presence of

a very low input impedance.

• Two LNAs, characterized by the different (and selectable) voltage gains G1 = 1 and

G2 = 20.
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Figure 5.4.1: Block diagram of the PAFE.

• Three Low-Pass Filters (LPFs), each having a 30 MHz bandwidth; one of them is the

image rejection filter of the D/A converter, whereas the other two are anti-aliasing filters

for the A/D converters.

• Three coupling units protecting the data conversion interface from the mains voltage.

• A circuit (consisting of a LPF , a Schmitt trigger and a level adapter) for extracting

a trigger signal from the mains voltage (this provides a useful time reference in the

acquisition of the channel response, since channel variations are synchronous with the

mains [50, 59][59]).

• A power supply section. Note that a choke inductor has been inserted between the PAFE

power supply and the powerline network. This choice is motivated by the fact that the

input impedance of the power supply, which is in parallel with the impedance of the

powerline channel1, can be quite low. Thanks to the choke, the impedance seen by the

power amplifier is roughly equal to the input impedance of the powerline, so that the

output signal of the power amplifier never experiences an excessive attenuation.

1Detailed information about powerline channel impedance can be found in [39] and [63].
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Figure 5.4.2: Electric diagram a) and amplitude response b) of the coupling unit employed in
the PAFE.

Further technical details about the amplifiers employed in the PAFE and about its circuit for

trigger generation are provided in the following two Paragraphs.

Amplification chains

As shown in Fig. 5.4.1, the same architecture has been adopted for all the amplification

chains of the PAFE, since each of them contains a coupling unit, a passive LPF and a (power

or low-noise) amplifier. Some details about each of these components are provided below.

Low-pass filters - Each Low-Pass Filter (LPF) is based on a P7LP-306L filter [64]; this allows

to implement easily a 7th order filter having a cut off frequency equal to 30MHz and an (input
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and output) impedance matched to a 50 Ω resistance.

Coupling units - Each coupling unit is employed for injecting (or receiving) an high frequency

signal into (from) the power network, as well as for protecting the amplifier it feeds (it is fed

by) from the mains. For these reasons, each coupling unit behaves as an high pass filter. Its

electrical diagram is shown in Fig. 5.4.2a. Note that: a) the cut off frequency of this circuit

is determined by the dispersion inductance Lp of the primary of transformer T1 and by the

capacitors C1 and C2; b) the capacitors C1 and C2 need to be properly selected, since they

operate in the presence of the mains voltage and their self-resonance frequency, related to their

parasitic elements, has to be large enough in order to introduce a negligible attenuation in the

band 1.8−30MHz; c) the high frequency transformer WB1-1SLB [65] has been selected for T1 in

order to ensure a proper galvanic isolation (this component is characterized by the bandwidth

0.15−500 MHz and a maximum current equal to 250mA); d) the couple of Zener diodes ZD1

and and that of Schottky diodes SD1 are used to reject the high voltage perturbations coming

from the powerline under test. The amplitude response of the proposed coupling unit A(f) is

shown in Fig. 5.4.2b, from which a cutoff frequency close to 100 kHz is easily inferred.

Amplifiers - The use of two LNAs characterized by different gains and feeding two distinct A/D

converters can be motivated as follows. The attenuation experienced by the probing signal on

the powerline network depends on a number of factors (e.g. the distance between the couple

of plugs under test and the set of loads connected to the network and its topology [63]) and,

consequently, it may vary over a wide range. Hence, during the experimental campaign, the

availability of a couple of LNAs with gains G1 = 1 and G2 = 20 has been extremely useful to

match the dynamic range of the A/D converters and to acquire channel responses characterized

by significantly different dynamic ranges.

The two LNAs are based on the operational amplifiers OPA842 [66] and OPA846 [67], both

characterized by low distortions, a bandwidth greater than 200MHz and a large input impedance

(so that the transfer function of the coupling units are negligibly perturbed by these devices).

Note that, on the one hand, the OPA842 [66] ensures a stable unitary gain G1 = 1 and that,

on the other hand, the OPA846 [67] has a gain-bandwidth product greater than 1750MHz, so

that it can be adopted to provide the gain G2 = 20.

Finally, it is worth mentioning that the power amplification chain employed for the probing

signal is based on the operational amplifier OPA2677 [68]. This device provides a 220MHz

bandwidth and a maximum output current equal to 500mA. As a result, our channel sounder

can effectively cope with powerline channels introducing small and large attenuation.
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Figure 5.5.1: Block diagram of the FPGA project.

Trigger generation

The trigger circuit consists of three building blocks, namely a LPFs, a Schmitt trigger and a

level adapter, as shown in Fig. 5.4.1. The goal of the LPFs is the suppression of any high

frequency signal superimposed to the mains (e.g., impulsive noise affecting powerlines and/or

the probing signal generated by the channel sounder) potentially leading to a false lock-in of

the Schmitt trigger. The comparator thresholds can be properly adjusted, so that the Schmitt

trigger output can be synchronized to whatever phase within the mains period. The last stage

consists of a level adapter matching the trigger output dynamic range to the digital inputs of

the FPGAs.

5.5 FPGA development board

In this Section, after summarizing the tasks assigned to the FPGA development board and

the way it manages them, we provide some details about their implementations.

Task management

The FPGA board handles the following three distinct tasks (see Fig. 5.5.1):

1. generation of the samples of a probing signal;

2. acquisition of the samples of the corresponding channel response;
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3. management of the acquired data and control of the channel sounding procedure.

The first two tasks need to be accomplished in real-time and, for this reason, they have been

implemented in Verilog [69]. Since the data conversion interface is equipped with A/D and

D/A converters operating at fs = 100MHz and offering a resolution r = 14 bits/sample, the

FPGA is required to manage two distinct data flows (one associated with the probing sequence

and the other stemming from the acquired channel response), each characterized by a bit rate

Dr = fs ·r = 1.4Gbps. Even if the channel response was acquired over small number of periods

of the mains, the resulting huge amount of data available at the A/D converter output could

not be moved directly from the FPGA board to the personal computer in real time. For this

reason, a “store-and-forward” approach has been employed for the data transfer. This approach

consists in exploiting a portion of the DDR2 memory banks of the FPGA board as a buffer and

benefits from their low access time. In particular, the DDR2 memory device of 1GB available

on the FPGA board has been employed to store the acquired channel response. Then, at the

end of the measurement phase, the FPGA development board transfers the acquired data to

the personal computer through its Gigabit Ethernet interface. This data transfer is managed

by the control module which can operate without real-time constraints. For this reason, the

tasks of the control unit are handled by a virtual microprocessor Nios II, running on the FPGA

and operating at a clock frequency equal to 150MHz. Finally, it is worth mentioning that the

control unit is also responsible for transferring the probing signal from the personal computer

to the DDR2 memory (physically allocated on one of the two 32MB memory chips) and for

managing all internal operations of the channel sounder.

Generation of the probing signal

The generation of the samples of the probing signal (i.e., of the probing sequence) is managed

by a specific module, whose structure is shown in Fig. 5.5.2. The main task of this module is

handling two distinct data streams, one flowing into the 32MB DDR2 memory, the other one

out of it. In fact, in the initialization phase, the probing sequence is stored in the 32MB DDR2

memory. Note that each sample is represented by 14bits; however, a zero padding is performed

to extend the sample representation to 16 bits, so that the logic management of the DDR2

memory is substantially simplified. Then, during channel sounding, the probing sequence

is transferred directly from the DDR2 memory to the D/A converter without involving the

virtual microprocessor of the control module, so that any potential delay is avoided. Since

the DDR2 memory operates at 300 MHz with a data bus width (at physical layer) equal to 8
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Figure 5.5.2: Block diagram of the module handling the generation of the probing sequence.

bits, in principle the maximum frequency at which the samples of the probing sequence can be

read from the memory itself is equal to 150MHz. This means that the DDR2 memory and the

D/A converter operate at different frequencies; in particular, the DDR2 memory can transfer

the samples of the probing sequence at a frequency greater than the sample rate of the D/A

converter (100MHz). To overcome this problem a Dual Channel First-In First-Out (DC-FIFO)

memory with asynchronous read and write ports has been inserted between the D/A converter

and the DDR2 memory. The DC-FIFO memory offers the following advantages:

• Due to its asynchronous ports, it allows to establish a simple connection between the

DDR2 memory, which sends the samples of the probing sequence at 150MHz, and the

D/A converter, that converts such samples at 100MHz.

• Due to its large depth (1024 locations, each of 16 bits), short idle cycles of the DDR2

memory can be tolerated without interrupting the DAC (note that the ratio between

the input and output bit rate of the DC-FIFO is equal to 1.5).

• It can automatically perform data alignment (i.e., removal of padding zeros).

Due to the availability of the DC-FIFO memory, the probing signal can be generated as follows:

1. The control module connects the DDR2 multiplexer to the DDR2 memory and transfers

the probing sequence to this memory from the personal computer (through the control

module).

2. The control module connects the DDR2 multiplexer to the DC-FIFO and resets the

DC-FIFO controller.
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3. The DC-FIFO controller acquires the length of the probing sequence and starts to trans-

fer the samples (each represented by a word of 16 bits) from the DDR2 memory to the

DC-FIFO.

4. When the DC-FIFO memory is full, the control module resets and configures the DAC

controller (setting the length of the probing sequence).

5. The DAC controller takes the control of the whole module waiting for a start command

from the control module.

6. When the start command is received by the DAC controller, this controller manages the

transfer of a given number of samples to the D/A converter at a proper frequency and

then stops.

Note that the length of the probing sequence is not limited by the size of the DC-FIFO

memory (1024 words) since, when the number of samples available in such a memory drops

below half its capacity, the DC-FIFO controller automatically transfers 512 new words from

the DDR2 memory to the DC-FIFO memory. It is also worth mentioning that the DAC is

never interrupted by this “refresh” procedure since the transfer rate from the DDR2 memory

to the DC-FIFO memory is larger than the frequency at which the D/A converter operates.

However, the maximum length of the probing sequence cannot exceed 16 Msamples because

of the limited size of the DDR2 memory (32MB). This entails a maximum duration of 160ms

for the probing signal; however, this does not represent an appreciable limitation in case of a

periodic probing sequence, since the samples associated with a whole period can be stored in

the DDR2 memory and can be cyclically moved to the D/A converter.

Acquisition of the channel response

The architecture of the acquisition module (see Fig. 5.5.3) is very similar to that of the module

developed for the generation of the probing sequence (see Fig. 5.5.2), although the direction

of the data transfer is opposite. In fact, first of all the acquisition module stores the samples of

the channel response in the DDR2 memory; then, at the end of the measurement procedure, it

moves all the acquired data from the DDR2 memory to the personal computer. It is important

to point out that:

• The size of the DDR2 memory handled by this module is 1GByte, so that up to 5 · 108
samples can be stored, if each of them is represented by 16 bits. Then, if the A/D
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Figure 5.5.3: Block diagram of the acquisition module.

converter operates at 100 MHz, the channel impulse response can be acquired over a

time interval whose duration does not exceed 5 seconds.

• The width of the memory data bus is equal to 72 bits.

• The clock frequency of the DDR2 memory is 300 MHz, but the DDR2 controller is

configured to operate “at quarter rate mode”, so that one memory access is carried out

every 4 cycles (as if the memory operated at 75MHz). In this configuration the data

bus width of the DDR2 controller is equal to 288 bits, so that the DDR2 controller can

move 4 blocks of 72 bits at each access and a maximum bit rate of 75MHz × 288 bits

= 21.6Gbps can be achieved.

The acquisition module, whose core is represented by a DC-FIFO memory (able to store 16

words, each consisting of 288 bits) operates as follows. The samples available at the A/D

converter output are queued by the ADC controller (which partitions them into packets of 18

consecutive samples, corresponding to 18∗16 = 288 bits) and are transferred to the DC-FIFO

memory. Then, a packet stored in this memory can be moved by the DC-FIFO controller

to the DDR2 memory in a single memory access. During channel sounding, new packets are

continuously transferred by the ADC controller to the DC-FIFO memory and, in turn, these

data are moved by the DC-FIFO controller to the DDR2 memory. Consequently, the channel

acquisition procedure consists of the following steps:

1. The control module resets the acquisition system, commutes the DDR2 multiplexer

towards the DC-FIFO controller and informs the DC-FIFO controller about the overall

number of samples to be acquired.
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Figure 5.5.4: Block diagram of the control module.

2. When the measurement procedure begins (this event is triggered by the user interface),

the ADC controller starts the acquisition of the samples of the channel response.

3. When there is at least one new packet stored in the DC-FIFO memory, the DC-FIFO

controller transfers it to the DDR2 memory.

4. At the end of the measurement procedure, the downloading unit takes the control of the

whole acquisition module and transfers the content of the DDR2 memory to the control

module.

5. The control module transfers the acquired data to the personal computer.

Control module

The block diagram of the developed control module is shown in Fig. 5.5.4. This module rep-

resents an interface between the real-time modules implemented in Verilog (for the generation

of the probing sequence and the acquisition of the channel response) and the GUIs developed

in Matlab to manage the channel sounder. In fact, it translates a set of high level Matlab

commands in low level instructions driving the FPGA platform. Note also that, in principle, it

can be interpreted as an embedded system whose core is the Nios II microprocessor, and whose

peripherals are the real-time modules, the Gigabit Ethernet port and the DDR2 memory.
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The control module interacts with the personal computer and with the real time modules

as follows. The personal computer sends its commands to the channel sounder through the

Gigabit Ethernet port; each command is represented by a data packet of fixed length. Then

the control module generates a set of control signals suitable to configure the generation of

the probing sequence and the acquisition of the channel response. In particular, two Parallel

Input Output (PIO) ports are exploited to send the control signals and to monitor all the flags

of the other two modules; note that these PIO ports establish an asynchronous connection,

so that the real-time modules and the control module can operate at different rates. The

control module is also equipped with two DC-FIFO memories, one allocated to manage the

data transfer of the probing sequence, the other one the data transfer of the acquired channel

response; both these memories have a data bus width of 32 bits and a size of 8192 words.

Finally, it is important to point out that our approach to the design of a channel sounder

provides a number of advantages since: a) all the algorithms devoted to the management of

the channel sounder can be developed in C language, which is much simpler than standard

FPGA descriptive languages like Verilog and VHDL; b) the structure of real-time modules is

not visible to users, who are not required to learn the structure of low-level components; c)

the tools made available by the sounder can be easily adapted to user needs, since the control

module can be configured in C language through the Nios II microprocessor (see Section 5.6

for further details).

5.6 Graphical user interfaces

The Matlab language has been adopted to develop various Graphical User Interface (GUI)s

that ease the use of the channel sounder; moreover, various Matlab scripts have been devised

to manage the different tasks which the sounding procedure consists of. It is worth mentioning

that this approach simplifies the integration of the GUIs with a set of Matlab functions which

can be easily created/modified by the user to cope with a number of specific problems (e.g.,

processing the channel response according to specific algorithms). Furthermore, any user can

interact with the developed GUIs through the Matlab workspace and this makes the sounding

tool extremely flexible.

The software architecture of the channel sounder is shown in Fig. 5.6.1 and includes the

following four specific GUIs:

1. connection GUI,
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Figure 5.6.1: Software architecture of the channel sounder.

2. function generator GUI,

3. oscilloscope GUI,

4. channel sounder GUI.

The connection GUI provides users with a dedicated menu for activating the other GUIs.

In addition, it manages the link between the FPGA development board and the personal

computer through the GigaBit Ethernet port. To this aim, it allows to set various connection

options, like the packet size, the IP address of the FPGA development board and the number

of the TCP port from which the kernel of the NIOS II microprocessor waits for data packets.

The other GUIs implement simple virtual instruments based on the developed hardware plat-

form. In particular, the function generator GUI allows users to load an arbitrary waveform

from a Matlab file .mat and to turn it into the specific format accepted by the control unit for

DAC2. One of the options provided by this GUI is the cyclic operation mode (see Paragraph

5.5); in this case the D/A converter generates an analog periodic signal (of arbitrary length)

in the band 0.1− 50 MHz.

A different functionality offered by our tool derives from the possibility of exploiting the ac-

quisition module to set up a virtual digital oscilloscope which operates at a 100 MHz sampling

2Note that the channel sounder can operate as a function generator terminated on 50 Ω load if the PAFE
is excluded or as a function generator for powerline channels if the PAFE is employed.
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Figure 5.7.1: The developed channel sounder.

frequency. In practice, thanks to the oscilloscope GUI, any user is able to define the dura-

tion of the sequence to be acquired (setting the number of samples of the input signal). The

acquisition can be triggered either manually (pressing a button available on the GUI) or auto-

matically by means of the PAFE (see Section 5.4). Once a sequence has been acquired, each

of its samples is converted from the specific format adopted by the FPGA board to a voltage

value, that can be processed and saved by Matlab for any purpose. This functionality is very

useful, because it makes available a signal sample vector that can be exploited in a number

of different applications (e.g., plotting a given signal or analyzing the noise generated by the

power network in a given bandwidth).

Finally, the channel sounder GUI implements a virtual channel sounder by combining the

signal generation and acquisition functionalities. Thanks to this GUI, any user can select an

arbitrary sequence (generated by Matlab) for channel sounding and can set the duration of

the channel sounding operation (in terms of number of output samples). The acquired channel

response can be plotted or processed in Matlab to extract specific channel parameters.
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5.7 Experimental results

The channel sounder implemented in the labs of DIEF is shown in Fig. 5.7.1 and, as already

mentioned above, includes a personal computer (left), an FPGA development board (center),

a DAC-ADC board (bottom) and a PAFE (right). An extensive measurement campaign has

been accomplished in the labs and in the building of Department of Engineering “Enzo Ferrari”

(University of Modena and Reggio Emilia, Italy) to assess the accuracy of this tool and to

analyze the properties of various indoor powerline channels. In the whole campaign a comb

of sinusoids has been used to excite powerline channels; this sounding signal encompasses the

band (fL, fH) and is characterized by a frequency spacing equal to ∆f Hz between adjacent

tones. In addition, the following choices have been always made for sounding waveforms: a)

∆f is a submultiple of the sampling frequency fs, so that

fs = k∆f (5.7.1)

where the positive integer k represents the period of the probing sequence; b) the duration of

the probing sequence is a multiple of the channel period T0, so that it consists of

Nc = lfsT0, (5.7.2)

samples (here l denotes a positive integer). When analyzing the channel response to this exci-

tation in the frequency domain, a short time Fourier transform [70] processing nonoverlapping

sample blocks of size k has been employed; this ensures a frequency resolution equal to ∆f .

Note that if the Fourier transform of each block is normalized to the Fourier transform of the

probing sequence, the so called Time-Variant Transfer Function (TVTF) of the channel under

test is assessed3.

In the first part of our measurement campaign, our instrument has been tested employing a

simple circuit designed to emulate the behavior of a periodically time varying system. The

electric diagram of this circuit is shown in Fig. 5.7.2, and consists of a fixed resistor (having a

resistance equal to 50 Ω) and two JFET J106 transistors, each having a voltage drop between

gate and source equal to V g(t). In practice, the JFETs operate as voltage controlled resistors

and their drain-to-source resistance is controlled by the periodic voltage Vg(t) = −2.5 +

3Any reader can refer to [50, 71, 72, 73, 74] for further analytical details about the identification of LPTV
systems.
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Figure 5.7.2: Electric diagram of the employed test circuit.
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Figure 5.7.3: Amplitude of the TVTF characterizing the test circuit shown in Fig.10.

1.5 sin(2πf0t) V, with f0 = 50 Hz, so that the drain-to-source resistance of the JFETs varies

sinusoidally at the same frequency as the mains voltage. Such a circuit can be driven directly

by the HSMC input/output; for this reason, the D/A converter and the A/D converter have

been connected to the Vin and Vout terminals, respectively (in other words, the PAFE has

been excluded). In our test this circuit has been excited by a comb of sinusoids characterized

by fL = 1 MHz, fH = 30 MHz, ∆f = 200 kHz and l = 2. The amplitude of the resulting

TVTF H(t, f) computed by the tool is shown in Fig. 5.7.3. This result has been compared

with the estimate of the TVTF generated by a Spice simulation of the given circuit and an

excellent match has been found; this has confirmed the excellent accuracy provided by our

channel sounder.

In the second part of our experimental campaign, various powerline channels available at sec-

ond floor of the DIEF have been sounded; borrowing the jargon of wireless communications,
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Figure 5.7.4: Portion of the map of the building where our experimental data have been
acquired. The plugs selected for our measurements are labeled by red letters.

this propagation environment can be classified as light commercial, since it refers to a power

network to which various personal computers and electronic devices are connected. The exper-

imental data shown below refer to the plugs labeled by red letters in Fig. 5.7.4, which shows

a portion of the map of the above mentioned building. It is important to point out that the

function generation section and channel acquisition section of our tool have been implemented

on the same FPGA, so that synchronization between them can be easily achieved. However,

this entails the need of using two (potentially long) extension cords to connect the PAFE to

the couple of selected plugs. This raises the additional problem of assessing the impact of the

cable length and properties on our acquired data. Luckily, our measurements have evidenced

that the impact of such cords is minor since a) they are usually by far shorter than the ca-

bles of the considered power network and b) channel properties mainly depends on the loads

connected to the power network under test.

In the experimental campaign the powerline channel has been excited by a comb of sinusoids

characterized by fL = 0.1 MHz, fH = 1 MHz, ∆f = 10 kHz and l = 2. The amplitude of

the TVTFs H(t, f) referring to the couple of plugs (A,B) and (B,C) are shown in Figs. 5.7.5
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Figure 5.7.5: Amplitude of the TVTF referring to the plugs A and B.

Figure 5.7.6: Amplitudes of the TVTF referring to the plugs B and C.

and 5.7.6, respectively. These results evidence that: a) the transfer function of a broadband

indoor powerline channel may exhibit significant variations; b) the transfer function exhibits

periodicity with period 1/(100 Hz) = 10 ms. Further experimental results about LPTV

powerline channels can be found in [50, 53, 59].

Finally, the developed PLC channel sounder has been employed to analyze the spectral prop-

erties of channel noise in the band 0.1− 1 MHz; in practice, sequences of Nc = 5fsT0 samples

have been acquired for different plugs (in the absence of any excitation) and the associated

Time-Variant Power Spectral Density (TVPSD) has been estimated applying the Yule-Walker

method to multiple signal blocks, each consisting of 105 samples. The TVPSDs of the noise
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Figure 5.7.7: Estimate of the noise TVPSD referring to plug A.
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Figure 5.7.8: Estimate of the noise TVPSD referring to plug B.

acquired from the plugs A and B are shown in Fig. 5.7.7 and 5.7.8, respectively. Note that:

a) the TVPSD of the noise affecting plug A is periodic and is characterized by a frequency

larger than that of the mains; b) the TVPSD of noise acquired from plug B is periodic and

synchronous with the mains4.

4Further details on powerline noise modeling can be found in [75] and references therein.
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5.8 Conclusions

In this chapter a low cost implementation of a broadband channel sounder for low voltage

powerlines has been described. This tool is based on a commercial FPGA board and is very

flexible, since it allows its users to excite powerline channels with arbitrary waveforms and

to process the resulting channel responses easily, thanks to its Matlab-based interfaces. The

developed instrument has been exploited to analyze the TVTF between couples of plugs in

an indoor scenario and to estimate the TVPSD of powerline noise. Future applications of our

channel sounder concern: a) the analysis of different properties of real world indoor powerline

channels; b) the characterization of the impulsive noise affecting powerline communications;

c) the development of communication techniques exploiting the periodic behavior of powerline

channels.
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LPTV modelling of Indoor Powerline

Channels

Indoor powerline channels usually exhibit a cyclic input-output behavior due to the

time-varying impedance of power loads. This makes typical time-invariant sys-

tem models unsuitable to provide a faithful representation of such channels. In this

Chapter, starting from the so-called Zadeh’s series expansion, a discrete-time para-

metric representation of a linear periodically time-varying system is developed and

it is shown how a reduced complexity version of it can be adopted to model indoor

powerline channels. Then, various methods for estimating the parameters of the

proposed representation are developed and compared in terms of performance and

complexity. Numerical and experimental results evidence that the proposed reduced

complexity model is able to provide an accurate representation of indoor powerline

channels at the price of a reasonable complexity.

This Chapter is organized as follows. In Section 6.1 an overview of the technical

literature on LPTV modelling of powerline channel is provided. A novel LPTV

channel model is developed in Section 6.2, whereas the identification of its param-

eters is analysed in Section 6.3. The computational complexity of the proposed

channel model and that of various estimators for channel parameters are compared

in Section 6.4, whereas the estimation accuracy is assessed in Section 6.5. Finally,

some conclusions are provided in Section 6.6.

123
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6.1 LPTV models for powerline channels: state of the art

In the last few years considerable attention has been paid to the problem of analysing and

modelling the channel behavior in indoor powerline data communications. Indoor powerline

channels are often represented as Linear Time Invariant (LTI) systems [10, 14, 38, 41, 42, 47,

117, 118, 119]; such representations, however, can only account for the average behavior of

the communication medium. In fact, any indoor power network usually experiences: a) long-

term variations due to the switching of the electrical appliances connected to it; b) short-term

variations originating from the time-vaying input impedance of such appliances. However,

the problems of modelling these variations has received very limited attention [27, 120]. In

particular, a wavelet-based time-domain model for the representation of long-term variations

has been derived in [27], where a broadband powerline channel is described by a two-port

equivalent with a given scattering matrix. This model assumes that the long term channel

evolution can be seen as a sequence of stationary states and that the transition between two

states does not affect data transmissions; note, however, that short term variations are not

kept into account and no input-output relationship is provided to describe channel behavior.

A conceptually different approach is followed in [120], where a Markov model, representing

long-term variations, is combined with a LPTV representation accounting for cyclic short-

time changes. In practice, this discrete-time channel model is based on partitioning the mains

period T0 (equal to half period of the mains, i.e. to 10 ms for a mains frequency equal to 50

Hz) in N0 intervals and on representing the channel as a time-invariant FIR filter over each

of them. This channel representation belongs to the class of the so called switching models

(SMs), where a limited number of invariance intervals (i.e., a small N0) is usually assumed

to limit model complexity, at the price, however, of poor performance in terms of accuracy.

On the other hand, very accurate models for broadband powerline channels can be developed

resorting to the well known Alias Component Representation (ACR) [71, 73, 122, 123, 124] of

LPTV systems. However, this approach entails a huge complexity; for instance, if the sampling

frequency fs = 100 MHz is selected to model the channel behavior in the band 0 − 50MHz,

in principle a bank of N0 = T0fs = 106 filters would be necessary to represent a powerline

channel.

In this chapter, inspired by some previous work on the use of the Zadeh’s series expansion

[125] for the continuous time representation of powerline channels [121, 126], a novel discrete-

time representation of a broadband indoor powerline channel experiencing short term cyclic

variations is developed. The proposed model is based on the Fourier expansion of the CIR of a
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discrete-time LPTV system and, unlike the models developed in [27, 120], is parsimonious, i.e.

it is able to provide a faithful representation of an indoor powerline channel with a reduced

number of parameters. The problem of extracting the values of the model parameters from

a set of measurements acquired by the broadband channel sounder illustrated in [91] is also

investigated; various solutions, based on a Least Square Estimator (LSE), a Huber estimator,

a Fair estimator and a Maximum Likelihood Estimator (MLE) are proposed and compared in

terms of estimation accuracy and complexity.

6.2 Discrete-time model for indoor powerline channels

Generally speaking, the n-th sample of the output sequence of a discrete-time LPTV system

can be expressed as [124]

zn =
+∞∑

m=−∞

hn,mxn−m (6.2.1)

where {xn} and {hn,i} represent its input sequence and its impulse response (defined as the

filter response at time n to a unitary pulse applied n− i samples earlier), respectively. Since

the sequence {hn,m} is periodic in the time index n, i.e.

hn,m = hn+kN0,m ∀n,m, k∈ Z (6.2.2)

where N0 denotes its period, it can be represented as

hn,m =

N0−1∑

k=0

Hk,m exp

(
j
2πkn

N0

)
(6.2.3)

where

Hk,m =
1

N0

N0−1∑

n=0

hn,m exp

(
−j 2πkn

N0

)
(6.2.4)

is the k-th coefficient of the Discrete Fourier Transform (DFT) of {hn,m}. Substituting (6.2.3)
in (6.2.1) yields

zn =
+∞∑

m=−∞

(
N0−1∑

k=0

Hk,m exp

(
j
2πkn

N0

))
xn−m (6.2.5)

=

N0−1∑

k=0

[
+∞∑

m=−∞

Hk,mxn−m

]
exp

(
j
2πkn

N0

)
. (6.2.6)
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Figure 6.2.1: Graphical representation of the discre-time Zadeh’s series expansion.

The last expression, which represents the discrete-time counterpart of the Zadeh’s series ex-

pansion for the output of a continuous-time LPTV [125], shows that the system output se-

quence {zn} can be obtained as the superposition of the responses of N0 LTI filters that

are all fed by the input sequence {xn} and have infinite memory (see Fig. 6.2.1). It is

worth pointing out that the k-th FIR filter (with k = 0, 1, ..., N0 − 1) is characterized by the

impulse response
{
h
(k)
m , Hk,m

}
and its output is modulated by the complex exponentials

{
s
(k)
n , exp

(
j 2πknN0

)}
to account for time variations. Let us apply now the representation

(6.2.6) to describe the samples of the useful signal component available at the output of a

powerline channel characterized by the following properties: a) it is affected by the additive

noise process {wn}; b) it is causal; c) its memory is finite. In the following we always assume

a sampling frequency equal to fs Hz, a channel memory of M taps and N0 = T0fs, where T0 is

the period characterizing the cyclic behavior of the powerline channel. Then, the n-th sample

of the channel output sequence can be expressed as (see (6.2.6))

yn =

N0−1∑

k=0

[
M−1∑

m=0

Hk,mxn−m

]
exp

(
j
2πkn

N0

)
+ wn. (6.2.7)

A further simplification is still possible since experimental data have evidenced that only

(2Z + 1) (where Z denotes the so-called order of our system model) of the N0 LTI filters

provide a relevant contribution to {zn}. For this reason, if the periodicity of {Hk,m} in the
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index k (with period N0) is kept into account, (6.2.7) can be rewritten as

yn =
Z∑

k=−Z

[
M−1∑

m=0

Hk,mxn−m

]
exp

(
j
2πkn

N0

)
+ wn (6.2.8)

Finally, since H−k,m = H∗
k,m for the Hermitian symmetry of DFT coefficients, (6.2.8) can be

easily put in the form

yn =
M−1∑

m=0

Re {H0,m}xn−m

+ 2
Z∑

k=0

[
M−1∑

m=0

Re {Hk,m} cos
(
2πkn

N0

)
xn−m

]

− 2
Z∑

k=1

[
M−1∑

m=0

Im {Hk,m} sin
(
2πkn

N0

)
xn−m

]
+ wn (6.2.9)

where Re {x} and Im {x} denote the real and imaginary part of a complex number x, re-

spectively1. The last model, which is represented by the block diagram shown in Fig. 6.2.2

(where Hk , [Hk,0, Hk,1, ..., Hk,M−1]
T for k = 0, 1, ..., Z), involves real quantities only and,

consequentely, lends itself to a practical implementation on programmable hardware. The

identification of the parameters M and Z, as well as that of the M(2Z + 1) real taps

{Re {Hk,m} , Im {Hk,m}} of the filter bank is studied in the following Section.

6.3 System identification

In this Section various techniques, for the pilot-aided estimation of the M(2Z + 1) real coef-

ficients characterizing the FIR filter bank, are illustrated; in doing so, that both the order Z

and the memory M of the FIR filter bank are assumed known. Then, the section focus on the

problem of estimating these parameters.

6.3.1 Pilot-aided estimation of the filter coefficients

In this Paragraph the problem of estimating the taps of the FIR filters contained in the model

(6.2.9) is formulated and various solutions are developed. It is assumed that the considered

powerline channel is excited by a periodic known (pilot or training) sequence {xn} having a
period equal to N0, so that, in the absence of noise, it generates the periodic response {zn},

1Note that Im {H0,m} ≡ 0.
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Figure 6.2.2: Discrete-time model of a powerline channel.

characterized by same period as {xn}. Then, the n-th signal sample available at the channel

output is given by (see (6.2.6) and (6.2.7))

yn = zn + wn (6.3.1)

where wn denotes the contribution of channel noise. The channel estimation algorithms illus-

trated below process the Ns-dimensional vector (with Ns ≤ N0)

yNs ,
[
yl0 , yl1 , ..., ylNs−1

]T
(6.3.2)

which consists of the channel output samples available at the instants {lk, k = 0, 1, ..., Ns − 1},
all belonging to the same period (we comment on the criteria for the selection of Ns and

{lk, k = 0, 1, ..., Ns − 1} later). From (6.2.9) it can be easily inferred that

yNs= ZH+wNs
(6.3.3)

where wNs ,
[
wl0 , wl1 , ..., wlNs−1

]T
is a vector of noise samples,

H =
[
H0, H1, ..., HM(2Z+1)−1

]T

,
[
Re
{
HT

0

}
,Re

{
HT

1

}
, ...,Re

{
HT

Z

}
,

Im
{
HT

1

}
, Im

{
HT

2

}
, ..., Im

{
HT

Z

}]T
, (6.3.4)
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(·)T denotes the transpose operator and Z is a Ns ×M (2Z + 1) matrix depending on both

the training sequence and the complex exponentials
{
s
(k)
n

}
. In particular, it is not difficult to

show that

Z = X⊙P (6.3.5)

where ⊙ denotes the Hadamard product,

X,


x, ...,x︸ ︷︷ ︸

(2Z+1)


 (6.3.6)

is a Ns ×M (2Z + 1) matrix,

x ,




xl0 xl0−1 · · · xl0−M+1

xl1 xl1−1 · · · xl1−M+1

...
...

. . .
...

xlNs−1
xlNs−1−1 · · · xlNs−1−M+1




(6.3.7)

is a Ns ×M matrix properly collecting the samples of the training sequence {xn}, and

P = [C0,C1, ...,CZ ,S1,S2, ...,SZ ] (6.3.8)

is a Ns × M (2Z + 1) matrix resulting from the concatenation of the Ns × M matrices

Ck =
[
c
(k)
i

]
(with c

(k)
i = cos (2πkli/N0), i = 0, 1, ..., Ns − 1), and Sk =

[
s
(k)
i

]
(with s

(k)
i =

sin (2πkli/N0), li = 0, 1, ..., Ns − 1).

In the following some specific techniques for estimating the channel parametrs from yNs are

presented(6.3.3).

Least square estimation - If channel noise is neglected (i.e., it is assumed that wNs = 0Ns),

equation (6.3.3) can be interpreted as a system of Ns linear equations in M (2Z + 1) real un-

knowns {Re {Hk,m} , Im {Hk,m}}. Achieving an acceptable performance in channel estimation
(see Section 6.5) requires: a) the system (6.3.3) to be over-determined, i.e. the inequality

Ns > M (2Z + 1) to hold; b) the Ns samples of yNs to be uniformly spaced over an entire

period so that a good numerical stability is achieved. If all this occurs, the solution of such a

system can be evaluated as

Ĥ = Z†yNs
(6.3.9)
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where Z† denotes the pseudo-inverse of Z. It is not difficult to show that Ĥ (6.3.9) coincides

with the least square (LS) estimate2

ĤLS , argmin
H̃

|e|2 (6.3.10)

where |x| denotes the Euclidean norm of the vector x and

e =
[
el0 , el1 , ..., elNs−1

]T
, yNs − ZH̃. (6.3.11)

The accuracy of the LSE (6.3.9) can be improved modifying the way the Ns-dimensional

vector of channel output samples is generated. In fact, the CIR and the noise statistics exhibit

long term variations [120], whereas, as evidenced by our measurement campaign in an indoor

scenario, the variations of the channel impulse response are much slower than those of the

noise statistics. Consequently, it should be expected that the effects of powerline noise can be

mitigated by averaging the channel output over Np consecutive periods of the mains, i.e. by

replacing yNs (6.3.2) with

ȳNs (Np) ,
[
ȳl0 (Np) , ȳl1 (Np) , ..., ȳlNs−1

(Np)
]T

(6.3.12)

where

ȳlk (Np) =
1

Np

Np−1∑

i=0

ylk+iN0 . (6.3.13)

with k = 0, 1, ..., Ns−1. It is worth mentioning that: a) the noise affecting the average output

vector ȳNs (Np) tends to become Gaussian as Np →∞, so that the LSE approaches optimal

Mean Square Error (MSE) performance, provided that the channel impulse response does not

change over the selected observation interval; b) in principle, any channel estimator described

below can benefit from the use of ȳNs (Np) (6.3.12), but the largest performance improvement

has to be expected for the LSE, since it does not take into consideration the presence of the

impulsive noise affecting powerlines.

M-estimation - The effects of impulsive noise can be mitigated through the use of a data-aided

M-estimator [130, 131]. In this case the metric to be minimised is not the squared Euclidean

norm of the vector e (6.3.11), but the function

2Note that the solution to the problem (6.3.10) can be derived iteratively, so avoiding the direct computation
of the pseudo-inverse Z

† [127].
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JMe (e) =

Ns−1∑

k=0

ρ (elk) (6.3.14)

where ρ (·) denotes an even function such that ρ (0) = 0, and ρ (x) > 0 for x 6= 0. Therefore,

the optimal channel estimate is evaluated as

ĤMe = argmin
H̃

JMe (e) . (6.3.15)

The solution of the minimization problem (6.3.15) can be evaluated recursively resorting to an

Iterative Reweighted Least Squares (IRLS) procedure; the l-th step of this procedure generates

the estimate

Ĥ
(l)
Me = argmin

H̃

Ns−1∑

k=0

ϕ
(
e
(l−1)
lk

)
e2lk (6.3.16)

of ĤMe, where

e(l−1) =
[
e
(l−1)
l0

, e
(l−1)
l1

, ..., e
(l−1)
lNs−1

]T
, yNs − ZĤ

(l−1)
Me . (6.3.17)

and

ϕ (e) ,
1

e

dρ (e)

de
(6.3.18)

represents the so called weight function. It is not difficult to show [127] that Ĥ
(l)
Me (6.3.16) can

be evaluated as

Ĥ
(l)
Me =

(
ZTΦ(l−1)Z

)−1
ZTΦ(l−1)yNs (6.3.19)

with l = 0, 1, ...; here Φ(l) , diag
{
ϕ
(
e
(l−1)
lk

)}
(with k = 0, 1, ..., Ns−1) and diag {x} denotes

the diagonal matrix having the elements of the vector x on its main diagonal.

In this work the Huber [130] and Fair [131] estimators, characterized by the parametric func-

tions ρ (·) and ϕ (·) listed in Table 6.1, have been taken into consideration. Unluckily, general
guidelines for the selection of the parameters β and γ are not available in the technical liter-

ature. In our work the values β = 1.345σN and γ = 1.3998σN , where σ
2
N denotes the noise

variance, have been selected; note that this choice ensures a 95% asymptotic efficiency for the

selected estimators if the channel noise is Gaussian with variance σ2
N [130, 131]. It is also
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Huber Fair

ρ (x)

{
x2

2 |x| ≤ β

β
(
|x| − β

2

)
|x| ≥ β

γ2
[
|x|
γ − log

(
1 + |x|

γ

)]

ϕ (x)

{
1 |x| ≤ β
β
|x| |x| ≥ β

1

1+
|x|
γ

Table 6.1: Functions ρ (·) and ϕ (·) characterizing the Huber and Fair M -estimators (see eq.
(6.3.15) and eq. (6.3.16), respectively).

worth mentioning that the variance σ2
N is the only form of a priori information about the

channel noise sequence {wn} required for a proper use of the proposed algorithms.
Maximum likelihood estimation - If the joint statistical behavior of additive noise samples {wn}
is known, in principle a Maximum Likelihood (ML) approach to channel estimation can be

employed. Based on the measurements acquired in our experimental campaign, the following

assumptions have been made: a) the noise samples {wn} are iid rvs); b) a good approximation
of the pdf of each noise sample is achieved by a GM with a proper number of components.

This means that the PDF

fGM (x) =

Nc∑

i=1

fG,i (x)

=

Nc∑

i=1

λi√
2πσ2

i

exp

(
−(x− µi)

2

2σ2
i

)
(6.3.20)

is adopted for the noise samples, where Nc represents the number of GM components and λi,

µi and σ2
i denote the a priori probability, mean and variance of the ith Gaussian component,

respectively, for i = 1, 2, ..., Nc. Then, the channel MLE [106] can be formulated as

ĤMLE = argmax
H̃

Ns−1∏

k=0

fGM (elk)

= argmax
H̃

Ns−1∑

k=0

log




Nc∑

i=1

λi√
2πσ2

i

exp

(
−(elk − µi)

2

2σ2
i

)
 . (6.3.21)

A lower bound to the MLE performance is provided by the Cramer Rao Lower Bound (CRLB),

which establishes that

var {Hi} ≥ CRLB {Hi} =
[
J-1
]

ii
(6.3.22)
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with i = 0, 1, ...,M (2Z + 1)−1, where var {Hi} denotes the variance of any unbiased estimate
of Hi (6.3.4) and J is the so called Fisher information matrix for the considered estimation

problem. The element on the i-th row and j-th column of J is given by

[J]ij = E

{(
∂ log (fGM (x))

∂x

)2
}

Ns−1∑

k=0

(
∂ [ZkH]

∂Hi

∂ [ZkH]

∂Hj

)
, (6.3.23)

where Zk =
[
Zk0, Zk1, ..., Zk[M(2Z+1)−1]

]
is the kth row of Z (6.3.5) and E {·} represents the

statistical expectation operator. It is not difficult to prove that the first factor appearing in

(6.3.23) is given by

E

{(
∂ log (fGM (x))

∂x

)2
}

=

ˆ +∞

−∞

[∑Nc

i=1 fG,i (x)
(x−µi)

σ2
i

]2

∑Nc

i=1 fG,i (x)
dx (6.3.24)

whereas

∂ [ZkH]

∂Hi
=





xlk−i 0 ≤ i, k ≤M − 1

2xlk−ici,k M ≤ i, k ≤M (Z + 1)− 1

−2xlk−isi,k M (Z + 1) ≤ i, k ≤M (2Z + 1)− 1

0 elsewhere

. (6.3.25)

Frequency domain estimation - An alternative to the time domain channel estimators de-

scribed above is represented by channel estimation techniques operating in the frequency

domain. The Frequency Domain Estimator (FDE) described below processes the DFT of the

vector ȳN0 (Np) , [ȳ0, ȳ1, ..., ȳN0−1]
T , which consists of N0 consecutive samples yn generated

according to (6.3.13); note that, unlike the output vector yNs (6.3.12), which is processed by

the proposed time-domain estimators and whose size Ns is always smaller than N0, the size

of ȳN0 (Np) is equal to the channel period N0.

It is not difficult to show that the ξ-th element of the DFT of ȳN0 (Np) can be expressed as
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Yξ ,
1

N0

N0−1∑

n=0

ȳn exp

(
−j 2πξn

N0

)

=
1

N0

N0−1∑

n=0

{
Z∑

k=−Z

[
M∑

m=0

Hk,mxn−m

]
exp

(
j
2πkn

N0

)}

· exp
(
−j 2πξn

N0

)
+Wξ

=
Z∑

k=−Z

Xξ−kHk,ξ−k +Wξ (6.3.26)

where Wξ is the ξth element of the N0-point DFT of the noise vector affecting ȳN0 (Np),

Xξ =
1

N0

N0−1∑

n=0

xn exp

(
−j 2πξn

N0

)
, (6.3.27)

and

Hk,ξ =

N0−1∑

m=0

Hk,m exp

(
−j 2π (ξ − k)m

N0

)
(6.3.28)

having defined Hk,m = 0 for m > M without loosing any generality. The expression (6.3.26)

lends itself to a simple interpretation, since it shows that the useful component of the response

of a LPTV channel (having a period N0 = fsT0) at the frequency fξ = ξ
T0
is given by the

superposition of the contributions coming from (2Z + 1) different harmonics, whose frequencies

are fk = fξ + kf0 with k = −Z,−Z + 1, ..., Z and f0 = 1/T0.

The proposed FDE is based on the idea that, if a LPTV channel described by (6.3.26) is fed

by a comb of sinusoids characterized by a frequency spacing ∆f < Zf0, then it generates

multiple harmonics that do not overlap in the frequency domain. In this case, if the frequency

spacing ∆f is selected in a way that that ∆f = fs/NL and the channel noise contribution is

neglected, an estimate Ĥk,l of the coefficient Hk,l can be evaluated as

Ĥk,l =
Yk+l∆f

Xl∆f

. (6.3.29)

for k = −Z,−Z + 1, ..., Z and l = 0, 1, ..., NL − 1. Finally, the parameters of the Zadeh’s

representation can be estimated by taking the NL-point Inverse Discrete Fourier Transform

(IDFT) of
{
Ĥk,l

}
, i.e. as

Ĥk,m = NL

NL−1∑

l=0

Ĥk,l exp

(
j
2π (l − k)m

NL

)
(6.3.30)



6.4. Complexity 135

for k = −Z,−Z + 1, ..., Z and m = 0, 1, ...,M .

6.3.2 Pilot-aided estimation of the filter memory and order

The filter memory M can be estimated experimentally operating in the time domain. In fact,

if the powerline channel under test is fed by a pulse train and the spacing between consecutive

pulses of the train itself is progressively increased, M is identified by the minimal spacing

ensuring the absence of inter-symbol interference in the output sequence.

The order Z, instead, can be assessed in the frequency domain; the adopted approach is

inspired by the results on channel estimation in the frequency domain illustrated in the previous

paragraph. In particular the adopted procedure consists of the following steps:

1. set Z̃ = 1 and the value of a threshold tdB;

2. feed the powerline channel under test with a comb of sinuoids characterized by a fre-

quency spacing ∆f = 2Z̃f0;

3. evaluate the DFT of the system output according to (6.3.26);

4. estimate

k = arg max
ξ,k

(
|Yξ+k|dB > |Yξ|dB − tdB

)
; (6.3.31)

5. if k > Z̃, then set Z̃ = Z̃ + 1 and go back to step 2), otherwise stop.

In practice, the distance between adjacent suinusoids contained in the pilot signal is pro-

gressively increased in each recursion (see steps 2) and 6)) until the spectral contributions

associated with the terms Xξ−kHk,ξ−k (see (6.3.26)) are non-overlapping for k = Z. Finally,

it is worth mentioning that the estimated order of the Zadeh’s representation Z (and, conse-

quently, the accuracy of the model as a consequence) depends on the threshold tdB, since a

smaller tdB may entail a larger estimate of Z.

6.4 Complexity

This Section is devoted to: a) comparing the computational complexity required by the im-

plementation of different models for a given powerline channel; b) providing some quantitative

indications about the computational complexity of pilot-aided channel estimators based on

such models (i.e., about the complexity of the estimators of model parameters). As already
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mentioned in the Introduction, alternatives to the channel model developed in this manuscript

are given by the ACR [73] and the SM [120]. The ACR is based on N0 time-invariant FIR

filters, each having M complex-valued taps. The estimation of the N0M filter tap gains in-

volves the inversion of a complex-valued matrix whose size is not smaller than N0M ×N0M ,

so that the complexity of this task increases as O
[
(N0M)3

]
. This explains why a large com-

plexity should be expected if the ACR is employed when the channel period N0 is large (i.e.,

when the band of the channel and, consequently, the sampling frequency at the receive side

are large). The overall complexity of the channel model can be reduced if a SM is adopted

for the representation of a powerline channel[120], since this model is based on NLTI < N0

independent linear time-invariant FIR filters, each having M real-valued taps. The estimation

of the NLTIM filter parameters requires the inversion of a real matrix whose minimum size is

NLTIM ×NLTIM , so that the complexity of this task increases as O
[
(NLTIM)3

]
; note also

that a SM may require a large NLTI if a good accuracy in channel representation is required.

The channel representation proposed in this manuscript is based on 2Z+1 time-invariant FIR

filters (each filter has M real-valued taps) and is characterized by a small complexity if the

channel order Z is small. As far as the complexity of channel estimation is concerned, the

LSE, the Huber estimator and the Fair estimator require the inversion of the Ns×M (2Z + 1)

matrix Z (e.g., see (6.3.9)) with Ns > M (2Z + 1), so that their complexity is upper bounded

by O
[
(Ns)

3
]
. These findings are summarized in Table 6.2. In particular, on the one hand,

the complexity of a channel model is given by the number of real taps required to gener-

ate a single sample at the channel output. On the other hand, the complexity of a channel

estimator is evaluated as a number of floating point operations (FLOPs) required for the esti-

mation of all the channel taps, where one FLOP is defined as a complex-valued multiplication

followed by a complex-valued addition. Note that: a) the complexity of the MLE has not

been specified since its implementation relies on the MATLAB routine fmincon (which is

based on a sequential quadratic programming algorithm) whose complexity cannot be easily

assessed; b) the complexity required by an NL-point IDFT (see (6.3.30)) in the FDE increases

as O [NL log (NL)].

6.5 Numerical results

In our work the time-varying behavior of real world indoor powerline channels has been anal-

ysed exploiting the channel sounder described in [91] and illustrated in Fig. 5.7.1.

All experimental results have been acquired at the second floor of the DIEF. During the
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Algorithm Channel model Channel estimator

ACR N0M O
[
(N0M)3

]

SM NLTIM O
[
(NLTIM)3

]

ZR - LSE M (2Z + 1) O
[
(Ns)

3
]

ZR - Huber estimator M (2Z + 1) O
[
(Ns)

3
]

ZR -Fair estimator M (2Z + 1) O
[
(Ns)

3
]

MLE M (2Z + 1)

FDE M (2Z + 1) O [NL log (NL)]

Table 6.2: Computational complexity of different channel models and channel estimators.

measurements the channel sounder has transmitted an analog signal x(t) associated with a

pilot sequence {xn} over the selected power network and has acquired the output sequence
{yn} sampling the corresponding channel response y(t). The sounder has been also used to

collect multiple realizations of the noise sequence {wn}, i.e. the channel output in the absence
of any excitation. The measurements have evidenced that:

• The periodic time variations of indoor powerline channels are significant only in the lower
portion of the considered band [91]; for this reason, our analyis has been restricted to

the band 80− 700 kHz. This has allowed us to reduce the sampling frequency to fs = 2

Msps, so that N0 = T0fs = 2 · 104 samples are contained in a channel period.

• M = 100 can be assumed for the memory of the considered powerline channels in the

band of interest.

In this case the implementation of the ACR would require the inversion of a complex-valued

matrix having size 2·104×2·104. Since this is unfeasible in practice, the ACR has been excluded
from our analysis, which has focused on the SM and on the proposed Zadeh’s Representation

(ZR). To compare these models, the following procedure has been followed:

1. A single realization of the received vector yNs (see (6.3.12)) has been acquired on a

specific power tap in the considered scenario by means of the channel sounder described

above.

2. A LS method has been employed to estimate the parameter vector H (6.3.4) of the

ZR (the resulting estimate ĤLS is expressed by (6.3.10)) and the NLTIM -dimensional
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parameter vector HSM of the SM (the corresponding estimate is denoted ĤSM in the

following).

3. The channel output vectors ŷLS
Ns
and ŷSM

Ns
have been generated feeding the derived ZR

and SM, respectively, with the training sequence {xn} used for channel sounding.

4. For each of the considered models, the Normalised Square Error (NSE) has been assessed

as

NSE =
‖ŷNs − yNs‖2

‖yNs‖2
(6.5.1)

where ŷNs coincides with ŷLS
Ns
or ŷSM

Ns
and ‖x‖2 , xHx denotes the squared Euclidean

norm of a complex vector x.

It is important to point out that:

• The selected training sequence {xn} is periodic with period N0 and its samples are

generated as iid rvs; in particular the samples are extracted from a uniform distibution

in the interval [−256mV, 256mV], so that the dynamic range of the channel sounder
front-end is not exceeded.

• One branch of the ZR entails the same complexity of one stationary state of the SM,
since M = 100 has been set for both systems.

• The maximum number of stationary states in the SM is Nmax
LTI = N0

M = 200.

• The computational complexity required for generating the LS estimates ĤLS and ĤSM

is the same (O
(
N3

s

)
).

Fig. 6.5.1 shows the NSE (6.5.1) versus the channel model complexity evaluated for the ZR

and the SM; note that: a) these results refer to specific vectors yNs characterized by different

lengths in the ZR case; b) the complexity of the channel estimator associated with a given

representation depends on Ns. These results evidence that the ZR outperforms its counterpart

in terms of both accuracy and complexity. In fact, on the one hand, for a given complexity

of the channel model, the ZR outperforms its SM counterpart in term of accuracy even when

the complexity of the associated channel estimator is by far smaller. On the other hand, for

a given NSE, the ZR entails a computational complexity (both in the channel model and in

the estimation of its parameters) by far smaller that that required by its SM counterpart.
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Figure 6.5.1: NSE performance comparison between powerline channel models based on the
ZR and a SM.

The performance of the channel estimators described in Section 6.3 has been also compared.

In this case the following procedure has been adopted:

1. In the selected scenario a single realization of the powerline response yNs to our training

sequence and multiple realizations of the powerline noise3 have been acquired by means

of our channel sounder (the amplitude of the TVTF, of the considered powerline channel

is shown in Fig. 6.5.2).

2. For the acquired vector yNs the parameters of the Zadeh’s model H (6.3.4) have been

evaluated by means of the FDE described in the previous Section (the resulting estimate

is denoted ĤFDE).

3. The vector ĤFDE has been processed to estimate the CIR of the channel under test; this

estimated CIR has been assumed to be the true CIR of the selected powerline channel.

4. A new received vector ỹNs has been generated superimposing the result of the convolution

between the true CIR and the same training sequence as step 1) with one of the acquired

noise sequences.

3A detailed analysis of the statistics of the powerline noise acquired in our laboratories can be found in
[128].
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Figure 6.5.2: Amplitude of the TVTF of the powerline channel considered in the assessment
of the NSE performance shown in Fig. 6.5.3 (a dB scale is used in this representation).

5. The parameters of the Zadeh’s representation have been estimated from ỹNs by means

of the time domain techniques described in the previous Section.

6. Steps 4) and 5) have repeated NE = 40 times.

7. For each of the above mentioned estimation techniques, the Normalised Mean Square

Error (NMSE) has been evaluated as

NMSE =
1

NE

NE∑

n=1

∥∥∥Ĥ(n) −H

∥∥∥
2

‖H‖2
(6.5.2)

where Ĥ(n) denotes the parameters of the Zadeh’s representation estimated at the nth

simulation run.

This approach deserves the following two important comments:

• Since the CIR experimentally acquired at step 1) is unavoidably affected by channel noise,
an error is unavoidably introduced when exploiting the parameters derived at step 2) to

generate the true CIR as a reference for step 3). An alternative to this approach consists

of adopting a CIR generated by a computer on the basis of a given statistical model for

the considered communication channel; however, even the last procedure introduces an

error, since, in practice, a non negligible mismatch between any statistical model and

the real properties of powerline channels should be expected.

• In the simulations the power of the noise sequence is properly adjusted at step 4) so
that the accuracy of the considered channel estimators at a specific Signal-to-Noise

Ratio (SNR) can be estimated.
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Figure 6.5.3: NMSE performance of the LSE, Huber estimator, Fair estimator and MLE; the
CRLB is also shown for comparison.
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Figure 6.5.4: Amplitude of the cross-correlation coefficient ρn,k (6.5.3) referring to 100 con-
secutive samples of powerline noise.

The NMSE versus the length Ns of the observed vector yNs is shown in Fig. 6.5.3 for the LSE,

the Huber estimator, the Fair estimator and MLE with SNR = 5 dB. These results evidence

that:

• Since the powerline noise is far from being Gaussian, the LSE is outperformed by both
the Huber estimator (with γ = 0.0346) and the Fair estimator (with β = 0.0332).

• The MLE (adopting the following parameter values: Nc = 3, λ0 = 0.2678, µ0 = −0.0025,
σ2
0 = 0.0016, λ1 = 0.0082, µ1 = 0.0719, σ2

1 = 0.0015, λ2 = 0.7240, µ2 = 0.0001 and

σ2
2 = 0.001) achieves the best accuracy and, in particular, approaches the CRLB even

for moderate lengths Ns.
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As far the last point is concerned, it worth mentioning that the CRLB has been derived

under the assumption of iid noise samples, all distributed according to a GM. In this work the

existence of a statistical correlation between consecutive samples of channel noise has been

investigated; in particular, the cross correlation coefficient

ρn,k =
E {(wm − µm) (wk − µk)}

σmσk
, (6.5.3)

has been evaluated for a set of 100 consecutive noise samples, where µm and σm denote the

mean and standard deviation of the noise sample wm, respectively. The amplitude of ρn,k

(6.5.3) for the considered noise process is shown in Fig. 6.5.4; from these results it is easily

inferred that channel noise cannot be deemed white. Therefore, the real CRLB should be

expected to be lower than that shown in Fig. 6.5.3.

The effects of the noise mitigation technique proposed in Section 6.3.1 (see eqs. (6.3.12)-

(6.3.13)) can be assessed analysing the results of Fig. 6.5.5, which illustrates the pdf fW (w)

of the noise affecting the elements of the vector ȳNs (Np) (6.3.12) for Np = 1, 2, 5 and 10;

note that the quality of its Gaussian fitting (red line) improves quickly as Np increases. The

improvement is confirmed by the performance results shown in Fig. 6.5.6 for the LSE, where

the NMSE is assessed employing the observed vector ȳNs (Np) (see (6.3.12)) instead of yNs in

the LS strategy (6.3.10). As expected, the NMSE decreases as Np gets larger and, surprisingly,

the LSE accuracy approaches that of the MLE even for Np = 2 and outperforms it for Np > 2.

PW (ω)

Finally, the NMSE performance of the FDE has been assessed feeding the selected powerline

channel with a training sequence generated by sampling a combs of sinusoids with frequency

spacing ∆f equal to 2.5 kHz, 5 kHz, 10 kHz and 20 kHz. The numerical results shown in Fig.

6.5.7 (referring to SNR = 5 dB and NP = 1, 2, 5, 10) evidence that the FDE can outperform

its time domain counterparts even for Np = 1, i.e without resorting to noise mitigation. This

result can be explained as follows. The training sequence employed by the estimators (6.3.10),

(6.3.15) and (6.3.21) consists of iid rvs, so that the its energy is uniformly distributed over the

whole band of interest (80− 700 kHz); on the other hand, the energy of the comb of sinusoids

can be concentrated on frequencies close to that characterizing the Zadeh’ representation (see

eqs. (6.3.29) and (6.3.30)), thus improving the performance of the channel estimator exploiting

the pilot signal. Finally, it is wort noting that the NMSE of the FDE does not significantly

decrease when the frequency spacing ∆f is lower than 10 kHz; this is likely to be due to the

fact that the coherence bandwidth of the powerline channel belongs to the interval 10 − 20

kHz.



6.5. Numerical results 143

−15 −10 −5 0 5 10 15
0

50

100

150

200

250

300

350

400

ω [mv]

P
W
(ω

)

−10 −8 −6 −4 −2 0 2 4 6 8
0

50

100

150

200

250

300

350

400

ω [mv]

P
W
(ω

)

−6 −4 −2 0 2 4 6
0

100

200

300

400

500

ω [mv]

P
W
(ω

)

−4 −3 −2 −1 0 1 2 3 4
0

100

200

300

400

500

600

ω [mv]

P
W
(ω

)

experimental

Gaussian fit

experimenta

Gaussian fit

experimenta

Gaussian fit

experimenta

Gaussian fit

Np = 1 Np = 2

Np = 5 Np = 10

Figure 6.5.5: Pdfs of the noise affecting the elements of the vector ȳNs (Np) (6.3.12) for
Np = 1, 2, 5, 10 periods; its Gaussian fitting is also shown for comparison.
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Figure 6.5.7: NMSE performance provided by the FDE for ∆f = 2.5, 5, 10, 20 kHz and NP =
1, 2, 5, 10.

6.6 Conclusions

Modelling powerline channel as LPTV systems may entail a huge complexity if an alias com-

ponent representation is adopted or may lead to a limited accuracy if the switching model

is employed to lower the complexity of channel representation. In this chapter it has been

shown that a simple discrete-time model inspired by the Zadeh’s representation can achieve

excellent performance in terms of both complexity and accuracy. The problem of estimating

the parameters of channel models has been also investigated and it has been shown that, if

the proposed channel model is adopted, a simple frequency domain estimator, outperforming

its time domain counterparts, can be devised.
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Chapter 7

A Zadeh-Based Approach to Channel

Estimation and Equalization in

OFDM Communications over Indoor

Powerline Channels

This chapter represents a follow up to Chapter 6 where it is shown that a faithful

representation of a periodically time varying powerline channel is provided by a

discrete-time model based on the so Zadeh’s series expansion. In fact, it applies

this model to the development of novel channel estimation and equalization tech-

niques for orthogonal frequency division multiplexing over indoor powerline chan-

nels. Simulation and experimental results evidence that these techniques can sig-

nificantly outperform their conventional counterparts, which do to account for the

time-varying behavior of the channel within each symbol, at the price of a very

limited increase in computational complexity.

The rest of this chapter is organized as follows.In Section 7.1 the state of the art

of powerline channel equalization in analyzed. The PLC system considered in this

work is illustrated in Section 7.2, where frequency domain models based on the

Zadeh’s representation are also developed for the received signal. Novel data-aided

channel estimation and ZF equalizer are derived in Section 7.3, whereas their error

performance is assessed in Section 7.4. Finally, some conclusions are offered in

Section 7.5.
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7.1 State of the art

It is well known that reliable detection of OFDM over indoor powerline channels requires

specific channel estimation and equalization techniques which may appreciably differ from

their counterparts developed for wireless channels. This is mainly due to the fact that: a)

the standard AWGN model is far from the describing the statistical properties of real world

powerline noise; b) powerline channels exhibit a cyclically time-varying input-output behavior

synchronous with the mains. Therefore, the development of novel techniques for OFDM

PLCs requires the availability of accurate channel models accounting for both the peculiar

statistical properties of poweline noise and channel double selectivity (i.e., frequency and

time selectivity). Unluckily, modelling of powerline noise is still an open issue [128], since

this process, being not Gaussian, almost-cyclostationary and colored, does not lend itself

to a simple and comprehensive statistical representation. On the other contrary, accurate

mathematical models are already available to describe system functions (e.g., impulse response

and frequency response) of powerline channels, since such channels, as evidenced by various

experimental campaigns, behave as LPTV systems synchronized to the mains frequency, at

least for some periods of the mains [28, 50, 132]. In fact, various models, namely the switching

[120], the alias component [73] and the Zadeh’s representations [50, 132], are already available

in the technical literature for the description of the input-ouput behavior LPTV systems.

However, in principle, the exploitation of these models for the design of channel estimation

and equalization techniques may not be easy; in fact, generally speaking, this design problem

can be easily tackled if the selected channel model depends on a limited (and, possibly, small)

set of real or complex parameter, i.e. if it provides a parsimonious representation of a powerline

channel. In this manuscript, after showing that the Zadeh’s representation has this favorable

feature, we exploit it to derive novel algorithms for data-aided LS channel estimation and Zero

Forcing (ZF) equalization to be employed in OFDM transmissions over powerline channels.

The experimental and simulation results, referring to PLCs over the band1 200 − 500 kHz

in specific indoor scenarios, show that these techniques substantially outperform standard

counterparts developed for wireless channels at the price of a limited increase in computational

complexity. It is important to point out that, as far as we know, the problem of channel

estimation and equalization of LPTV channels has been previously investigated in [144] only;

in that reference, however, a blind channel estimator based on the cyclostationary properties

of a wireless channel output is developed and channel equalization is based on the Viterbi

1The interest in this band is motivated by the fact that it is currently under investigation by various
working groups for low-to-medium data rate PLCs [96].
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Figure 7.2.1: Block diagram of the OFDM transmitter (a) and receiver (b).

algorithm or on a MSE approach. In fact, other equalization algorithms explicitly developed for

multicarrier transmissions assume a stationary channel (e.g., see [139, 140] and [141, 142, 143]

where neural and fuzzy tecniques, respectively, are considered); in addition, some of them refer

to specific multicarrier formats (e.g., OFDM/OQAM [137, 138])

7.2 System and signal model

The digital parts of the OFDM transmitter and receiver adopted in the powerline communi-

cation systems are illustrated in Fig. 7.2.1-(a) and 7.2.1-(b), respectively. Note that, since in

the considered scenario the bandwidth B of the transmitted signal is comparable to its central

frequency fc, the transmitted signal is generated directly in pass-band, so that no frequency

upconversion is required; similarly, no downconversion is employed at the receive side.

The OFDM transmitter operates as follows. The input binary stream is partitioned in blocks,

each consisting of log2(M) bits, and each block is mapped to a channel symbol belonging to

a M -ary QAM constellation. The resulting stream of channel symbols undergoes a serial-

to-parallel conversion which produces a sequence of Nc-dimensional vectors, each containing

Nc consecutive channel symbols; let c
(l)
Nc

, [c0, c1, ..., cNc−1]
T denotes the l-th channel symbol

vector, where ()T indicates the transposition operator. Then, for any l the vector c
(l)
Nc

is

processed to generate a larger vector, denoted c̃
(l)
NFFT

in the following, which undergoes an

inverse discrete Fourier transform (in practice, an IFFT) of order NFFT . This processing
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is needed since: a) the IFFT output vector dNFFT
is required to be real ; b) the Nc data

symbols forming the vector cNc have to be transmitted over Nc adjacent subcarriers and

flexibly allocated in the available band (whose lower limit is larger than 0). For these reasons,

the NFFT -dimensional OFDM symbol c̃
(l)
NFFT

is generated as

c̃
(l)
NFFT

=
[
c̃
(l)
0 , c̃

(l)
1 , ..., c̃

(l)
NFFT−1

]T

=

[(
0Npre

)T
,
(
c
(l)
Nc

)T
,
(
02Npost

)T
,
(
c
(l)
Nc

)‡
,
(
0Npre

)T
]T

(7.2.1)

where 0N denotes a N -dimensional null column vector, (x)‡ denotes the flipped Hermitian

transpose of the vector x, and Npre and Npost are two integer parameters whose sum Nsc ,

Npre+Npost represents the overall number of suppressed subcarriers in the transmitted OFDM

signal and NFFT , 2Nc + 2Nsc. Note that the specific structure of the vector c̃
(l)
NFFT

(7.2.1)

ensures that both the above mentioned requirements a) and b) are satisfied since: 1) c̃
(l)
NFFT

has the property of Hermitian symmetry; 2) the elements of cNc are transmitted over the Nc

adjacent subcarrier frequencies {fk = k/(NFFTTs), k = Npre, Npre + 1, ..., NFFT − 1−Npost}
(where Ts , 1/fs and fs denotes the frequency at which the IFFT output samples are trans-

mitted over the communication channel) which can be properly allocated in the available

band (0 − fs/2) by adjusting the values of the parameters Npre and Npost. Appending a

cyclic prefix (CP) of Ncp symbols to d
(l)
NFFT

produces the cyclically extended vector d
(l)
NT

(with

NT , NFFT +Ncp), which after parallel-to-serial conversion feeds a bandpass transmit filter

generating the sequence {s [n]}; this sequence consists of equally spaced samples of the (real)

OFDM signal to be sent over the communication channel. Following the Chapter 6 and [50],

the poweline communication channel is modelled as a discrete-time LPTV system character-

ized by a period2 N0 and discrete time version of the so called Zadeh’s series expansion is

adopted to describe its input-output behavior. Then, if {hn,i} denotes the time-variant im-
pulse response3 of the overall communication channel (which includes both the transmit filter

and the receive filter matched to it); see 7.2.1-(b)) , the n-th received signal sample r [n] can

be expressed as

r [n] =

N0−1∑

z=0

[
+∞∑

m=−∞

Hz,ms [n−m]

]
exp

(
j
2πzn

N0

)
+ w [n] (7.2.2)

2Note that N0 = T0/Ts, where T0 is the period of the time varying impulse response h(t, τ) of the commu-
nication channel.

3This is defined as the response at time n to a unitary pulse applied n− i samples earlier.
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where

Hz,m ,
1

N0

N0−1∑

n=0

hn,m exp

(
−j 2πzn

N0

)
, (7.2.3)

is the kth coefficient of the discrete Fourier transform (DFT) of {hn,i} and w [n] represents

the contribution of the filtered additive channel noise. In the following the channel impulse

response is assumed causal and with a finite duration, moreover the overall delay introduced

by the communication channel is neglected, so that the signal model (7.2.2) can be simplified

as

r [n] =

N0−1∑

z=0

[
M−1∑

m=0

Hk,ms [n−m]

]
exp

(
j
2πzn

N0

)
+ w [n] (7.2.4)

where M denotes the channel memory. The last result lends itself to a simple interpretation.

In fact, it shows that the useful component of the sequence {r [n]} consists of the superposition
of the responses of N0 LTI filters, all fed by the input sequence {s [n]} and whose outputs are
modulated by complex exponentials, that account for the time-variant behavior of the channel

and whose normalised frequencies are all multiple of the fundamental normalised frequency

1/N0. Note that if N0 is large (i.e., if the channel period T0 is substantially larger than Ts),

the representation of the powerline channel behavior through (7.2.4) may require a substantial

complexity. Luckily, experimental results have evidenced that in the considered scenario only

(2Z+1) (where Z denotes the so-called order of the system model) of the N0 LTI filters, with

(2Z + 1) ≪ N0, provide a relevant contribution to r [n]. Consequently, if the periodicity of{
H̃k,m

}
in the index k (with period N0) is kept into account, (7.2.4) can be further simplified

as

r [n] =
Z∑

z=−Z

[
M−1∑

m=0

H̃z,ms [n−m]

]
exp

(
j
2πzn

N0

)
+ w [n] (7.2.5)

which contains a parsimonious parametric representation of the useful component of the re-

ceived signal.

The proposed OFDM receiver operates on a symbol-by-symbol basis and is endowed with ideal

timing synchonization; for this reason, in the following the detection of a single OFDM symbol

only, namely on c̃
(l)
NFFT

is investigated and it is assumed that the transmission of this symbol

starts at the instant (βl −Ncp)Ts, where βl , lNTTs + β and β denotes a time offset. To

carry out the detection of the l-th OFDM symbol, the receiver process the vector r
(l)
NFFT

=
[
r
(l)
0 , r

(l)
1 , ..., r

(l)
NFFT−1

]T
collecting the samples {r [n] , n = βl, βl + 1, . . . , βl +NFFT − 1}; note

that in the received signal model the Ncp samples {r [n] , n = βl −Ncp, βl −Ncp + 1, ..., βl − 1}
correspond to the cyclic prefix of the lth OFDM symbol and are discarded by the receiver.
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The vector r
(l)
NFFT

feeds a discrete Fourier tranform (DFT) of order NFFT ( implemented as a

FFT) generating the frequency-domain vector R
(l)
NFFT

= [R0, R1, ..., RNFFT−1]
T , where

R(l)
q , DFTNFFT

[
r
(l)
NFFT

]
=

1

NFFT

NFFT−1∑

n=0

r(l)n exp

(
−j 2πnq

NFFT

)
(7.2.6)

with q = 0, 1, ..., NFFT −1 (here DFTN [x] denotes the DFT of order N of the vector x). Note

that: a) the vector r
(l)
NFFT

represents the noisy response of the channel to its input samples{
s
(l)
−NCP

, s
(l)
−NCP+1, . . . , s

(l)
NFFT−1

}
, where

s(l)n =

NFFT−1∑

k=0

c̃
(l)
k exp

[
j
2πkn

NFFT

]
(7.2.7)

for n = −NCP ,−NCP +1, . . . NFFT − 1; b) the elements of r
(l)
NFFT

can be related to the above

mentioned input samples as

r(l)n =
M−1∑

m=0

hn+βl,ms
(l)
n−m + w(l)

n (7.2.8)

for n = −NCP ,−NCP +1, . . . NFFT −1, provided that the channel memory is shorter than the

length of the cyclic prefix (i.e., M ≤ NCP ). Then, substituting (7.2.5) and (7.2.8) in (7.2.6)

and keeping into account the Zadeh representation (see (7.2.2) and (7.2.3) yields

R(l)
q = 1

NFFT

∑NFFT−1
n=0





M−1∑

m=0



NFFT−1∑

k=0

c̃
(l)
k exp

(
−j 2πkm

NFFT

)

· exp
(
j
2πkn

NFFT

)] Z∑

z=−Z

Hz,m

· exp
(
j
2πz (n+ βl)

N0

)}
exp

(
−j 2πnq

NFFT

)
+W (l)

q (7.2.9)

where

W (l)
q ,

1

NFFT

NFFT−1∑

n=0

w(l)
n exp

(
−j 2πnq

NFFT

)
(7.2.10)

denotes the q-the element of the DFT of the noise component of r
(l)
NFFT

. If the following

vector is introduced

H(e)
z ,

[
H

(e)
z,0 , H

(e)
z,1 , ..., H

(e)
z,NFFT−1

]T
(7.2.11)
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for z = −Z,−Z + 1, ..., Z, with

H(e)
z,m ,




Hz,m 0 ≤ m ≤M − 1

0 M ≤ m ≤ NFFT − 1
(7.2.12)

and the quantity4

Hz,k ,
1

NFFT

NFFT−1∑

m=0

H(e)
z,m exp

(
−j2πkm

NFFT

)
(7.2.13)

for z = −Z,−Z + 1, ..., Z and k = 0, 1, ..., NFFT − 1, (7.2.9) can be rewritten, after some

manipulation, as

R(l)
q =

Z∑

z=−Z

NFFT−1∑

k=0

Hz,k c̃
(l)
k exp

(
j
2πzβl
N0

)

·
NFFT−1∑

n=0

exp

(
−j2πn

(
q − k

NFFT
− z

N0

))
+W (l)

q (7.2.14)

Then, if I define the coefficient

Ã
(z)
q,k ,

NFFT−1∑

p=0

exp

(
−j2πp

(
q − k

NFFT
− z

N0

))
(7.2.15)

= exp (−jπδq,z,k (NFFT − 1))
sin (πNFFT δq,z,k)

sin (πδq,z,k)
(7.2.16)

with

δq,z,k ,
q − k

NFFT
− z

N0
, (7.2.17)

the frequency-domain sample R
(l)
q (7.2.14) can be put in the more compact form

R(l)
q =

Z∑

z=−Z

NFFT∑

k=0

Hz,k Ã
(z)
q,k c̃

(l)
k exp

(
j
2πzβl
N0

)
+W (l)

q (7.2.18)

which can be also rewritten as

4Note that
{

Hz,k

}

results from a double DFT of the channel impulse response {hn,m} .
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R(l)
q = U (l)

q + I(l)q +W (l)
q (7.2.19)

where

U (l)
q , c̃(l)q

Z∑

z=−Z

Hz,q Ã
(z)
q,q exp

(
j
2πzβl
N0

)
(7.2.20)

represents the useful signal component (i.e., the contribution originating from the qth channel

symbol c̃
(l)
q ), whereas

I(l)q ,

Z∑

z=−Z

NFFT∑

k = 0

k 6= q

Hz,k Ã
(z)
q,k c̃

(l)
k exp

(
j
2πzβl
N0

)
(7.2.21)

represents the Inter-Carrier Interference (ICI) originating from the variations of the commu-

nication channel during the transmission of the considered OFDM symbol. It is not difficult

to show that from the expression (7.2.18) the matrix model

R
(l)
NFFT

= A(l)c̃
(l)
NFFT

+W
(l)
NFFT

(7.2.22)

can be derived for received signal vector R
(l)
NFFT

, [R
(l)
0 , R

(l)
1 , ..., R

(l)
NFFT−1

]T ; here W
(l)
NFFT

,

[W
(l)
0 ,W

(l)
1 , ...,W

(l)
NFFT−1

]T and A(l) = [A
(l)
q,k] is a NFFT × NFFT matrix depending on the

set of NFFT · (2Z + 1) channel parameters
{
Hz,k

}
(with z = −Z,−Z + 1, ..., Z and k =

0, 1, ..., NFFT − 1) since (see (7.2.18))

A
(l)
q,k =

Z∑

z=−Z

Hz,k Ã
(z)
q,k exp

(
j2πzβl
N0

)
(7.2.23)

with q, k = 0, 1, ..., NFFT − 1.

It is important to point out that in (7.2.22) the dependence of the received signal vector

R
(l)
NFFT

on the l-th symbol c̃
(l)
NFFT

involves the matrix A(l), which, in turn, depends on the

parameters of the Zadeh representation in a complicated fashion. It is not difficult to show

that the dependence of R
(l)
NFFT

on these parameters can be clearly evidenced if a different

representation is adopted, namely if this vector is expressed as

R
(l)
NFFT

= K(l)H+W
(l)
NFFT

(7.2.24)

where
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H,

[(
H−Z

)T
,
(
H−Z+1

)T
, ...,

(
HZ

)T]T
(7.2.25)

is a column vector collecting all the channel parameters and Hz , DFTNFFT

{
H

(e)
z

}
for

z = −Z,−Z+1, . . . , Z, andK(l) is a NFFT×[NFFT (2Z + 1)]matrix which depends on c̃
(l)
NFFT

,

the order Z of the channel model and on transmission instant βl. More specifically,K
(l)is

structured as

K(l) ,

[
k
(l)
−Z ,k

(l)
−Z+1, . . . ,k

(l)
Z

]
(7.2.26)

where

k(l)
z ,

(
C̃(l) ⊙ Ãz

)
exp

(
j
2πzβl
N0

)
(7.2.27)

is NFFT ×NFFT matrix for z = −Z,−Z + 1, ..., Z; here ⊙ denotes the Hadamard product,

C̃(l) ,




c̃
(l)
0 c̃

(l)
1 . . . c̃

(l)
NFFT−1

c̃
(l)
0 c̃

(l)
1 . . . c̃

(l)
NFFT−1

...
...

...
...

c̃
(l)
0 c̃

(l)
1 . . . c̃

(l)
NFFT−1




(7.2.28)

is a NFFT ×NFFT matrix depending on c̃
(l)
NFFT

only

Ãz ,




Ã
(z)
0,0 Ã

(z)
0,1 · · · Ã

(z)
0,NFFT−1

Ã
(z)
1,0 Ã

(z)
1,1 · · · Ã

(z)
0,NFFT−1

...
...

...
...

Ã
(z)
NFFT−1,0

Ã
(z)
NFFT−1,1

· · · Ã
(z)
NFFT−1,NFFT−1




(7.2.29)

is a NFFT × NFFT matrix accounting for ICI in the received signal. Finally, it is worth to

note that the representation (7.2.24) can be easily generalised to encompass the case in which

processing involves the signal received over Ns consecutive OFDM symbols, e.g. the set of

vectors
{
R

(l)
NFFT

, l = 0, 1, ..., Ns − 1
}
. In fact, in this case the overall received (column) vector

RP ,

[(
R

(0)
NFFT

)T
,
(
R

(1)
NFFT

)T
, . . . ,

(
R

(Ns−1)
NFFT

)T
]T

with P = NFFTNs, can be expressed as
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RP = KH+WP (7.2.30)

whereWP , [(W
(0)
NFFT

)T , (W
(1)
NFFT

)T , . . . , (W
(Ns−1)
NFFT

)T ]T ,

K ,

[(
K(0)

)T
,
(
K(1)

)T
, . . . ,

(
K(Ns−1)

)T
]T

(7.2.31)

and H is defined by (7.2.25).

7.3 Channel estimation and equalization

The parametric models developed above for the received signal in the frequency domain (see

(7.2.22), (7.2.24) and (7.2.30)) can be exploited to devise novel algorithms for a) data-aided

channel estimation and b) channel equalization. In doing so, the following features of the

considered scenario should be carefully kept into account:

1. Powerline channel noise is not Gaussian and white, and its properties may undergo sub-

stantial changes over time, so that stationarity cannot be deemed a realistic assumption,

even in a local sense. For this reason, the standard model commonly employed for fre-

quency domain noise samples in OFDM wireless communications cannot be adopted. In

other words, the elements of the channel noise vectorW
(l)
NFFT

appearing in (7.2.22) and

(7.2.24) (or, equivalently, of WP in (7.2.30)) cannot be modelled as independent and

identically distributed complex Guassian random variables. Consequently, various stan-

dard approaches to estimation, equalization and detection based on the typical properties

of channel noise in wireless communications (in particular, Gaussianity and stationarity)

cannot be applied to this case.

2. Signal-to-noise ratios (SNRs) commonly experienced in indoor powerline links are quite

high, so that, in principle, the presence of channel noise could be neglected in algorithm

design.

Let us now tackle problem a) and assume that : 1) a pilot block consisting of Ns consecutive

OFDM training symbols (indexed by l = 0, 1, ..., Ns − 1 in the following) is transmitted peri-

odically to allow channel estimation at the receive side; b) the channel estimation algorithm

process the received signal samples associated with a single pilot block to extract the channel

parameters to be employed for channel equalization of the OFDM data symbols following this
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block (and preceding the next pilot block). In this case, the received signal model (7.2.30)

holds and, if a LS approach is adopted, an estimate of the vector H (7.2.25) can be evaluated

as

Ĥ = K
†
RP , (7.3.1)

where K
†
,

(
K

H
K
)
K

H
is the pseudo-inverse matrix of the matrix K (7.2.31) and (·)H

denotes the Hermitian transpose. It is important to note that

1. The computational complexity of the channel estimator (7.3.1) is O
(
P 3

)
.

2. In principle, the vector of channel parametersH (7.2.25) needs to be estimated only once,

since the channel is periodic and the Zadeh’s representation (7.2.2) holds for a whole

period of the channel. However, it is well known that indoor powerline channels usually

experience long terms variations (due, for instance, to changes in the connected loads),

so that the parameters of any channel model can be deemed static only for few tents

of periods of the mains [132]. For these reasons, the estimation of the channel coeffi-

cients needs to be accomplished periodically (say, every second) to avoid any substantial

mismatch between the channel response and the equalizer.

3. Generally speaking, the channel parameters Z andM (see (7.2.5)) are not known a priori

to the receiver, so that they need to be estimated; in the following it will be assumed

for simplicity that, unless differently stated, both parameters are known to the receiver.

When the receiver will assume a channel order different from the real one in its channel

estimator, this parameter will be denoted ZE .

Once the estimate Ĥ ofH (7.2.25) has been evaluated, eq. (7.2.23) is exploited (with Z = ZE)

to evaluate an estimate Â(l) = [Â
(l)
i,j ] of the channel matrix A(l) referring to all the OFDM

information symbols following the pilot block (l = Ns, Ns+1, ... in this case). Given Â(l), zero-

forcing (ZF) equalization can be employed to compensate for channel distortions in R
(l)
NFFT

(7.2.22) if the effects of channel noise are neglected. This leads to evaluating the vector

Z
(l)
NFFT

,

(
Â(l)

)−1
R

(l)
NFFT

(7.3.2)

and to applying a standard detection strategy to Z
(l)
NFFT

in order to generate an estimate

ĉ
(l)
Nc
of c

(l)
Nc
. Note that, in principle, the computational complexity of the Zadeh-Based Zero

Forcing Equalizer (ZB-ZFE) (7.3.2) is O
(
N3

FFT

)
, since it requires the inversion of a NFFT ×

NFFT square matrix. However, A
(l) (and, consequently, its estimate Â(l)) is a close to a
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banded matrix with small lower and upper bandwidths (in the following these quantities

are denoted bL and bU , respectively); this is due to the fact that the changes experienced

over the duration NTTs of OFDM symbols (which is substantially shorter than the channel

period T0) are small, so that the average power of ICI is limited. For this reason, before

inverting Â(l) we have always reduced it to a banded matrix with bL = bU = b, so that

Â
(l)
i,j is always set to zero for j > i + b and i > j + b; this reduces the complexity of matrix

inversion to O
(
N2

FFT

)
if algorithms explicitly developed for banded matrices are applied [146].

Conputational complexity is minimized if b = 0 is selected, i.e. if all the elements out of the

main diagonal are ignored in Â(l), so that no matrix inversion is required. In fact, this case

Y
(l)
NFFT

,

(
Ă(l)

)−1
R

(l)
NFFT

(7.3.3)

is evaluated in place of Z
(l)
NFFT

(7.3.2), where
(
Ă(l)

)−1
is a NFFT × NFFT diagonal matrix

with [(
Ă(l)

)−1]

i,i

= 1/Â
(l)
i,i (7.3.4)

for i = 0, 1, ..., NFFT − 1.

7.4 Numerical and experimental results

An extensive work has been accomplished to assess the performance of the developed esti-

mation and equalization algorithms in realistic conditions. The performance results rely on a

rich set of experimental measurements acquired by means of the broadband powerline channel

sounder described in Chapter 5 and in [91] in two distinct real world scenarios, namely on

the second floor5 of the Department of Engineering “Enzo Ferrari” (University of Modena and

Reggio Emilia, Italy) and in a two floor residential house located in Maranello (Modena, Italy).

As far as the first two points are concerned, in the experimental work the channel sounder has

employed to acquire: a) the frequency response of the powerline channel referring to several

couples of power sockets, usually located in different rooms (the experimental set-up is shown in

Fig. 7.4.1); b) multiple realizations of the noise affecting the channel itself. Then, the acquired

data have been processed to estimate: a) the parameters of the Zadeh’s representation for each

considered channel using the frequency domain estimator proposed in Subsection 6.3.1; b) the

PSD of indoor powerline noise in the considered scenarios.

5Measurements have been been acquired at different power plugs available in the laboratories of that floor.
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Figure 7.4.1: Experimental set-up for channel sounding.

As far as the third point is concerned, in evaluating the performance of an OFDM-based com-

munication system employing the developed algorithms, the following two distinct approaches

have been adopted:

Computer-based approach - A Matlab-based software simulator has been employed to imple-

ment the whole communication system, which consists of the following blocks:

• OFDM modulator - The following values have been selected for the relevant parameters
of the OFDM modulation: fs = 2 MHz, Q = 64, NFFT = 512, Npre = 53, Nc = 76,

Npost = 127 and NCP = 60. Moreover, in the OFDM transmission pilot symbol blocks,

each consisting of Ns consecutive training symbols, alternate with information blocks,

each consisting of Nd consecutive data symbols if a ZB-ZFE is used at the receive side;

on the contrary, single training symbols alternate with data symbols when a conventional

Zero Forcing Equalizer (ZFE) is adopted. A bandpass Butterworth filter having order

100 and pass band 200− 500 kHz has been employed for the transmit filter.

• Channel response emulator - This implements the Zadeh’s representation expressed by
eq. (7.2.2); the values of the parameters (7.2.3) have been extracted from experimen-

tal measurements of the channel response. It is worth pointing out that experimental

data have evidenced that powerline channels associated with distinct couples of power
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sockets may exhibit relevant differences in terms of both frequency responses and noise

statistics, so that, in principle, drawing general conclusions about the performance of the

algorithms from computer simulations would require emulating the behavior of a large

number of powerline channels. To simplify this task, at the beginning a specific power-

line channel, affected by an appreciable frequency selectivity, has been selected among all

those acquired at the the Department of Engineering “Enzo Ferrari”, its emulator based

on the Zadeh’s representation has been implemented, the error performance provided

by different equalization algorithms in the presence of this channel has been assessed

and, finally, some conclusions about algorithm performance have been inferred from

these computer generated results (which are shown in Figs. 7.4.4 and 7.4.5); then, this

procedure has been repeated for 24 distinct channels measured in the above mentioned

residential scenario, so that the validity of preliminary conclusions could be assessed (the

results shown in Fig. 7.4.10 refer to this case). It is also important to mention that each

selected channel is characterized by a specific TVTF H (t, f) and that evaluating the

parameters of its Zadeh’s representation requires the estimation of this system function,

as illustrated in detail in the Chapter 6 and [50]. In practice, in this case the TVFT is

estimated at the equally spaced frequencies fξ = fsNpre+ξ/NFFT ξ = 0, 1, . . . Nc− 1

(i.e., at the frequencies of the OFDM active subcarriers) and at 40 instants uniformly

distributed over the TVFT period. Estimation for all the selected frequencies at a given

instant is accomplished as follows: a) the channel is excited by a comb of Nc sinuosids

(probing signal) characterized by the frequencies of interest; b) the steady state channel

response to this excitation is sampled at the frequency fs, so generating the sequence

{yn} ; c) at each of the selected instants the last NFFT samples of {yn} are collected
in a vector, which undergoes a DFT of order NFFT ; d) the DFT output is compared

with the DFT of the sequence feeding the input channel (i.e., the sequence available

at the DAC input of the channel sounder) to estimate the TVFT at all the frequencies

of interest. The estimated time-varying amplitude response characterizing the specific

powerline channel selected for the first performance evaluations is shown in Fig. 7.4.3,

from which the approciable frequency selectivity can be inferred (for instance, a 20 dB

variation is found in the band 400 − 450 kHz). From the estimated TVFT it can be

inferred that a faithful representation of this specific channel is provided by (7.2.5) with

Z = 2 and M = 100.

• Channel noise emulator - Following [128], an AR model of order 200 has been adopted
in the generation of the additive Gaussian noise to be superimposed to the channel
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response to the OFDM signal. The Yule-Walker method is applied to extract the values

of the model parameters from a sequence of measured noise samples in the SNR range

0−40 dB. This procedure ensures that the PSD of the computer-generated noise follows

closely that of the measured powerline noise (see Fig. 7.4.2); note that the last PSD

refers to the noise affecting the output of the single communication channel simulated

by the channel emulator.

• Channel estimator - The channel parameters HNP
are estimated from each pilot block

and exploited in the following information block for equalization;

• Equalizers and detector - Standard data detection is accomplished after equalization
based on (7.3.2), on (7.3.3) or a conventional ZF algorithm [101]. The last equalization

algorithm is employed with Ns =Nd = 1 only6 (i.e., each data/pilot block consists of

a single OFDM symbol) and operates as follows. If a pilot symbol, denoted c
(l)
pilot, is

transmitted in the lth OFDM symbol interval, the data-aided channel estimate Ȟ
(l)
is

evaluated as7

Ȟ
(l)

=

[
R

(l)
0

c
(l)
0

,
R

(l)
1

c
(l)
1

, ...
R

(l)
NFFT−1

c
(l)
NFFT−1

,

]T

. (7.4.1)

Then, this estimate is employed in the next symbol interval to generate the equalized

vector

X
(l+1)
NFFT

=

(
diag

(
Ȟ

(l)
))−1

R
(l+1)
NFFT

, (7.4.2)

feeding the data detector in place of Z
(l)
NFFT

(7.3.2) or Y
(l)
NFFT

((7.3.3)).

Partially experimental approach - In this case the channel sounder has been exploited to

generate an OFDM signal, to transmit it over a selected powerline channel and to acquire

the channel response to this signal. Then, the acquired response has been processed by the

OFDM receiver developed for the previous approach. The interest in this additional approach

is motivated by the fact that it allows us to account for the instability of the LPTV channel 8,

6This ensures that the channel response during the transmission of the pilot symbol is very close to
that experienced during the transmission of the following data symbol, since the OFDM symbol duration
is substantially smaller tthan the period of the channel .

7Actually, onle the elements of ˇ
H

(l)
associated with useful sucarriers are estimated; all the other elements

are set to zero.
8It is well known that the period charactering the LPTV model undergoes slight fluctations, but this

phenomenon cannot be easily includes in the channel model [75].
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Figure 7.4.2: Comparison between the noise PSD measured in labs and that associated with
the AR (200) model approximating it.

for real world powerline noise, and the constraints on the Peak-to-Average Power Ratio (PAPR)

of the OFDM signal originating from the limited dynamic range of the transmitter.

In both cases our efforts have mainly aimed at assessing the BER performance versus the

SNR, which defined as

SNR =
Eb

Enoise
, (7.4.3)

where Eb and Enoise denote the average received energy per information bit and the mean

energy9 of noise evaluated in the transmission bandwidth, respectively.

Figs. 7.4.4 and 7.4.5 compare the BER performance of the proposed ZB-ZFEs based on (7.3.2)

(for b = 1 and 2 in the evaluation of the inverse of Â(l),) and (7.3.3) (corresponding to b = 0)

with that provided by the conventional ZFE (7.4.2) in the presence of ideal channel knowlege at

the receive side10 and of an estimated channel response, respectively. The results shown in Fig.

7.4.4 evidence that: a) the error floor of the ZB-ZFEs is substantially lower than that of the

conventional ZFE and improves as the value of the parameter b increases; b) this performance

9In practice, Enoise is expressed by the product between the symbol period and the noise PSD averaged
over the transmission band (i.e, over the frequency interval 200− 500 kHz) and over half-period of the mains
(i.e., over a time interval lasting10 ms).

10Note that pilot symbols are not transmitted in this case.
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Figure 7.4.3: Representation of the time-varying amplitude response (expressed in dB) of the
powerline channel selected for the performance assessment using a computer-based approach.
The whole band of interest and a single period of its time evolution are considered.

gap is significant even for b = 0. In generating the results shown Fig. 7.4.5 the channel

estimation algorithms described in Section 7.3 have been exploited and the transmission of 3496

OFDM symbols covering 100 consecutive periods of the mains (i.e., 1 s) has been simulated.

However, when assessing the performance ZB-ZFE, a single pilot plock, consisting of Ns = 349

training symbols followed by a single data block made of 3147 OFDM symbols has been

transmitted (the corresponding pilot symbol rate 349/3147 entails an energy loss of about

0.51 dB), so that the net data rate is 1.035 Mbps; when simulating the conventional ZFE

each training (data) symbol is preceded and followed by a single data (training) symbol (the

corresponding pilot symbol rate 1/2 entails an energy loss of about 3.01 dB), so that the net

data rate is 575 kbps. The results shown in Fig. 7.4.5 show that: a) the use of channel

estimates does not reduce the substantial performance gap existing between a conventional

equalizer and ZB-ZFE; b) the error performance of a ZB-ZFE improves when ZE approaches

Z. Moreover, comparing Figs. 7.4.4 with 7.4.5 leads to the conclusion that the quality of

channel estimates generated according to (7.3.1) does not entail a substantial degradation on

the BER performance of a ZB-ZFE with respect to the case of ideal channel knowledge; on

the contrary, the error performance of a conventional ZFE gets worse (in particular, its error

floor increases from 2.6 · 10−3 to 4 · 10−2).
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Figure 7.4.4: BER comparison among three ZB-ZFEs (characterized by b = 0, 1 and 2) and a
conventional ZFE. Ideal channel state information at the receive side is assumed.

The BER performance achieved by the devised algorithms has been assessed also resorting

to the partially experimental approach described above. During the experiment the channel

sounder has been employed to transmit, like in the previous case, a sequence of 3496 randomly

generated OFDM symbols11 over a specific powerline channel of the considered residential

scenario; the time-varing amplitude response of the selected channel is shown in Fig. 7.4.6,

whereas the PSD of the noise affecting it and the SNR measured over the OFDM subcarrier

frequencies are illustrated in Fig. 7.4.7. It is also worth mentioning that: a) the dynamic range

of the DAC of the channel sounder has been properly adjusted to avoid nonlinear distortions

in the transmission over the given powerline channel; b) a quantization error is unavoidably

introduced; c) the SNR cannot be modified. Fig. 7.4.8 shows the BER performance achieved

on each subcarrier-by-subcarrier basis by the ZB-ZFE with b = 0 and by a conventional ZFE

(numerical results are denoted by labels, whereas lines are darwn to ease the reading). Channel

estimation is based on (7.3.1) for the ZB-ZFE, but three different orders, namely ZE = 1, 3

and 5, are assumed by the receiver for the communication channel (whose time variations are

accurately represented by a model order Z not smaller than 3); on the contrary, (7.4.1) is

employed for generating the channenel estimate feeding the conventional ZFE (7.3.3). From

these results it can be inferred that:

11A 16 QAM constellation has been always adopted for the OFDM subcarriers. In addition, training and
data symbols are arranged in the same way as the previous case.
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Figure 7.4.5: BER comparison among three ZB-ZFEs (characterized by b = 0, 1 and 2) and a
conventional ZFE. Channel estimation is accomplished at the receive side.

• The conventional ZFE outperforms the ZB-ZFE with ZE = 1 for some subcarriers be-

longing to the frequency range 228 − 370 kHz. This result is motivated by Fig. 7.4.9,

showing the absolute values of the channel coefficients
{
Hz,k, z = 0, 1, 2, 3, 4, 5

}
of the

Zadeh’s representation versus frequency. In fact these results evidence that a significant

contribution is provided by the components for z = 2 and z = 3 in that band, where the

channel exhibits relevant time variations.

• The ZB-ZFE with ZE = 1 and 2 substantianlly outperforms the conventional ZFE in

the whole band of interest (200− 500 kHz).

• The BER performance achieved by all the equalizers in the band 370 − 500 kHz is

appreciably better than that referring to the band 200 − 370 kHz. This result can be

related to the stastical properties of powerline noise and, in particular, to its correlation

properties [128].

Finally, as already mentioned above, the Zadeh-based representation (all with order Z = 2) of

24 distinct powerline channels measured in the selected residentail scenario have been inserted

in the channel emulator and the computer-based approach has been adopted to assess the BER

performance averaged over all these channels of a ZB-ZFE with ZE = 1 and of a conventional

ZFE (the values of the simulation parameters are the same as those adopted in assessing the
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Figure 7.4.6: Representation of the time-varying amplitude response (expressed in dB) of
the powerline channel selected for the performance assessment using a partially experimental
approach. The whole band of interest and a single period of its time evolution are considered.

error performance previously). In this case error performance is deeply influenced by the poor

quality of some channels; however, the ZB-ZFE still significantly outperforms the conventional

ZFE in terms of error floor.

7.5 Conclusions

In this chapter the well known Zadeh’s representation for LPTV systems has been exploited to

develop novel techniques for data-aided channel estimation and ZF equalization to be employed

in powerline communications. Numerical simulations and experimental results referring to

specific indoor scenarios have shown that the proposed algorithms can substantially outperform

standard counterparts in terms of error rate performance at the price of a very limited increase

in the computational complexity of the receiver.
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Chapter 8

Bit and Power Loading Techniques for

OFDM Communications over Indoor

Powerline Channels

The goal of this Chapter is the development of bit and power loading algorithms

based on the LPTV channel model presented in Chapter 7. The performance of the

developed algorithms is assessed by mean of a MatLab simulator based on a database

of experimentally acquired channel responses and on a database of experimentally

acquired noise sequences. In our simulations the frequency band [200, 500] kHz is

considered since it is employed in various low data rate standard [96]

The remaining part of this Chapter is organized as follows. In Section 8.1 a brief

overview of the literature on bit/power loading for mulaticarrier systems operating

over LPTV channels is provided. The architecture of the PLC OFDM commu-

nication system considered in the assessment of the developed bit/power loading

algorithms is described in Section 8.2. A derivation of these algorithms is illus-

trated in Section 8.3, whereas their performance is analysed in Section 8.4. Finally,

some conclusions are provided in Section 7.5.

8.1 Bit and power loading for LPTV channels: state of the art

Recent works have evidenced that indoor powerline channels are not stationary and, in partic-

ular, are characterized by both long-term and short-term variations [28]. Long term variations

are due to the connection/disconnection of power loads, are characterized by a time support

169
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of few seconds and can be straighforwardly modelled resorting to Markov chains [120]. On

the contrary, short-term variations mainly depend on the presence of thyristors and rectifying

circuits, and are characterized by a time support of few tens of milliseconds [132]. These short

term changes influence the channel transfer function at frequencies below1 3MHz and are syn-

chronous to the mains frequency [132]. For this reason, an accurate representation of indoor

powerline channels requires the adoption of LPTV models (e.g., the Switching Model (SM),

[120, 132, 147], the ACR, [71, 73, 123] or the Zadeh’s representation. It is also important to

point out that the dependence of powerline channel properties on frequency can be also re-

lated to the presence of multipath and to the specific features of powerline noise [75, 128, 129].

In fact, at frequencies below 11MHz powerline noise is coloured and is not characterized by

a Gaussian distribution, whereas at frequencies beyond 11 MHz the standard AWGN model

holds.

It is well known that, if a communication channel is slowly time-varying in both its trans-

fer function and noise power spectrum, standard bit and power loading techniques can be

employed to optimize an OFDM tramission over it, provided that Channel State Informa-

tion (CSI) is fed back from the receive side to the transmit one [101]. On the contrary, if it

exhibits substantial short time variations, computationally efficient loading algorithms able to

quickly redistribute power/bits over subcarriers in response to such variations need to be em-

ployed. In the last years various research efforts have been devoted to devise such algorithms

for multicarrier signalling over powerline channels [147, 149, 150, 151, 152, 153, 154, 155, 158].

In particular, algorithms able to cope with unexpected time variations and/or impulsive noise

bursts and based on the concept of SNR margin have been proposed in [149, 153, 154], the

use of the so-called Leke-Cioffi algorithm has been investigated in [150], iterative water filling

has been studied in [151] and the so called knapsack algorithm has been proposed in [152]; in

addition, the trade/off between data rate, BER and detection complexity has been analysed

in [155], where a new metric, called goodput, has been introduced. However, in none of the

just mentioned contributions the assumption of periodicity in powerline channel behavior is

exploited. In fact, as far as we know, the only references developing bit and power loading

techniques for powerline channels modelled as LPTV systems are [147, 158]. In particular, in

[147] two different types of channel models are taken into consideratuion, namely the com-

muted LPTV channel, which is a combination of a high and a low transfer function exhibiting

sharp transition and the harmonic LPTV channel, which is a combination of transfer functions

1Indoor powerline channels can be deemed time-invariant at frequencies beyond 3MHz, so that the well
known stationary multipath model [14] can be employed to represent their behavior in that frequency range.
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Figure 8.2.1: Block diagrams of the OFDM transmitter (a) and receiver (b).

characterized by a progressive variation. It is also worth mentioning that: a) the proposed

channel model is based on a simplified powerline network topology and on a set of sinusoidal

time varying impedances that simulate the behavior of home appliances; b) an (unrealistic)

AWGN model is employed for powerline noise. The devised algorithm tries to maximize the

overall bit rate under a constraint on the transmitted power and the maximum admissible

BER. This leads to a periodic distribution of bits versus frequency along one period of the

channel. A different conceptual approach is adopted in [158], where bit and power loading

algorithms aiming at the minimization of the outage probability (i.e., the probability that

the channel capacity decreases below a specific threshold or the BER increases over a specific

threshold) are developed. In the case, performance of various loading algorithms is evaluated

for a specific network topology characterized by 23 possible links (i.e., channels); moreover,

each channel is characterized by colored background noise and a commuted impedence model,

so that the channel response changes between two states only, depending on the voltage of the

mains.
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8.2 Communication System Model

The rationale behind the proposed algorithm consists of exploiting the LPTV nature of the

channel and the cyclostationarity of the noise in allocating power and bits over subcarriers and

time. The transfer function of the LPTV channel can be certainly estimated and modelled

resorting to the techniques developed in Chapter 7. However, a Periodically Time Varying

(PTV) noise model needs to be developed; this problem is tackled in Section 8.3.3.

To exploit the LPTV behavior of powerline channels the OFDM communication system pro-

posed in this work adopt a periodic medium access method; the block diagram of the OFDM

transmitter and OFDM receiver are shown in Fig. 8.2.1a and 8.2.1b, respectively. Note that

the considered communication system is quite similar to that introduced in Chapter 7 (in

particular, since the channel bandwidth B = 300 kHz is comparable to the central frequency

fc = 350 kHz, even in this case the transmitted signal is generated directly in pass-band, i.e.

without resorting to frequency upconversion), but now includes two subsystems for power and

bit loading, and a feedback channel. This makes the description of the system more compli-

cated; since the size of QAM constellations changes from subcarrier to subcarrier and, for a

given subcarrier, changes from OFDM symbol to OFDM symbol.

Let us analyse now transmitter processing, focusing on what happens in a single period of the

communication channel in order to simplify the notation. First of all, the maximum number

of OFDM symbols Nts that can be transmitted within one channel period is evaluated as

Nts =

⌊
T0

Tsy

⌋
(8.2.1)

where⌊x⌋ denotes the integer part of x, T0 is the period of the channel and Tsy is the OFDM

symbol interval. Without loosing generality, the period of the LPTV channel is divided in

Nts time slots synchronized with the mains, each hosting the transmission of a single OFDM

symbol. Similarly, if Nc is the number of useful carriers of the OFDM system, then the

available spectrum can by divided in Nc frequency slots, so that Nts × Nc Time-Frequency

Slot (TFS) available in the considered channel period. Since time-varying bit and power

loading are accomplished, the (i, k) TFS, associated with the i-th slot and the k-th subcarrier

(with 0 ≤ i < Nts and 0 ≤ k < Nc) is characterized by a Θi,k-ary QAM constellation and

power P (i, k). It is also important to point out that the adopted periodic medium access

method leads to starting the transmission of the l-th OFDM symbol at time instant
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tTX [l] =

⌊
l

Nts

⌋
T0 +mod (l, Nts)Tsy + β0, l = 0, 1, ... (8.2.2)

where mod is the integer remainder operator and β0 is an initial time offset. Note that:a)

⌊l/Nts⌋ identifies the number of channel period, while mod (l, Nts) is the index of the TFS

exploited for the symbol transmission; the channel is in the last T0 −NtsTsy sec of each of its

periods.

Once bit allocation for the considered slot has been evaluated (this is based on the bit loading

algorithm described in Subsection 8.3.2), the signal associated with the transmission of the l-th

OFDM symbol is generated as follows (the index of the involved time slot is n = mod (l, Nts)).

The input binary stream is partitioned into Nc blocks, each consisting of log2(Θn,k) bits with

k = 0, 1, ..., Nc − 1, and each block is mapped to a channel symbol belonging to a Θn,k-ary

QAM constellation. The resulting stream of channel symbols undergoes a serial-to-parallel

conversion which produces a Nc-dimensional vector c
(l)
Nc

,

[
c
(l)
0 , c

(l)
1 , . . . , c

(l)
Nc

]T
, containing the

Nc consecutive channel symbols. As already shown in Chapter 7, the new NFFT -dimensional

vector c̃
(l)
NFFT

is generated from l-th useful data vector c
(l)
Nc

c̃
(l)
NFFT

=
[
c
(l)
0 , c

(l)
1 , . . . , c

(l)
NFFT−1

]T
(8.2.3)

=

[(
0Npre

)T
, c

(l)
Nc

,
(
02Npost

)T
,
(
c
(l)
Nc

)‡
,
(
0Npre

)T
]T

(8.2.4)

where 0N denotes a N -dimensional null column vector and ()‡ denotes the flipped2 Hermitian

transpose. Then the vector c̃
(l)
NFFT

undergoes power loading which produces the power adapted

data vector

g
(l)
NFFT

= [g
(l)
0 , g

(l)
1 , ..., g

(l)
NFFT−1

]T , GT
n ⊙ c̃

(l)
NFFT

, (8.2.5)

where Gn = [Gn,0, Gn,1, ..., Gn,Nc−1]
T is the i-th row of the Nts ×Nc matrix G collecting the

gains generated by the power loading algorithm, whereas ⊙ and ()T denote the Hadamard

product and the transposition operator, respectively.

Then the vector g
(l)
NFFT

undergoes to an IFFT of order NFFT leading to the real vector d
(l)
NFFT

.

This ensures that:

2Flipping consists of reversing the order of the elements of the given vector.
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• the Nc data symbols c
(l)
Nc
are transmitted over Nc adjacent subcarriers centered at the

frequencies {fk = k/(NFFTTs)} with k = Npre, Npre+1, ..., Npre+Nc− 1, which will be

allocated in the band of interest 200− 500 kHz;

• Nsc = Npre +Npost subcarriers are suppressed in the band 0− fs/2, where fs = 1/Ts =

2MHz is the maximum sampling frequency of the OFDM simulator (see Section 8.4);

• NFFT , (Nc +Nsc).

Appending a CP of Ncp symbols to d
(l)
NFFT

produces the cyclically extended vector d
(l)
NFFT+Ncp

.

After parallel-to-serial conversion, the vector d
(l)
NFFT+Ncp

undergoes transmit filtering with

(real) impulse response p [n] yielding the OFDM real signal s [n]. Note that, if N0 = T0 · fs
denotes the period of the channel in number of samples, the parameter Nts can be expressed

as

Nts ,

⌊
N0

NFFT +Ncp

⌋
(8.2.6)

and the overall duration of a time slot is given by Tts = (NFFT +Ncp)Ts. Moreover, the index

of the sample associated with the start of the transmission of the l-th OFDM symbol is

nTX
l =

⌊
l

Nts

⌋
N0 +mod (l, Nts) (NFFT +Ncp) + β̄0, l = 0, 1, ... (8.2.7)

with β̄0 , β0fs.

Following [50, 132], the poweline communication channel is modelled as a discrete-time LPTV

system characterized by a period3 N0. Then, if {hn,i} denotes the time-variant impulse re-
sponse4 of the overall communication channel (which includes both the transmit filter and the

receive filter matched to it); the n-th received signal sample r [n] can be expressed through

the modified Zadeh model (see Chapter 7) of order Z as

r [n] =

Z∑

z=−Z

[
M−1∑

m=0

H̃z,ms [n−m]

]
exp

(
j
2πzn

N0

)
+ w [n] (8.2.8)

3Note that N0 = T0/Ts, where T0 is the period of the time varying impulse response h(t, τ) of the commu-
nication channel.

4This is defined as the response at time n to a unitary pulse applied n− i samples earlier.
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where

H̃z,m ,
1

N0

N0−1∑

n=0

hn,m exp

(
−j 2πzn

N0

)
, (8.2.9)

is the kth coefficient of the DFT of {hn,i},w [n] represents the contribution of the filtered

additive channel noise and M is the number of taps of each filter.

The OFDM receiver operates on a symbol-by-symbol basis and is endowed with ideal timing

synchonization; for this reason, in the following the detection of the single OFDM symbol

c̃
(l)
NFFT

is described. To carry out the detection of the l-th OFDM symbol, the receiver process

the vector r
(l)
NFFT

=
[
r
(l)
0 , r

(l)
1 , ..., r

(l)
NFFT−1

]T
collecting the samples

{
r [n] , n = nTX

l +Ncp, n
TX
l +Ncp + 1, . . . , nTX

l +Ncp +NFFT − 1
}

(8.2.10)

Note that in the received signal model the Ncp samples

{
r [n] , n = nTX

l , nTX
l + 1, ..., nTX

l +Ncp − 1
}

(8.2.11)

correspond to the cyclic prefix of the lth OFDM symbol and are discarded by the receiver.

The vector r
(l)
NFFT

feeds a DFT of order NFFT (implemented as a fast Fourier transform, FFT)

generating the frequency-domain vector R
(l)
NFFT

= [R0, R1, ..., RNFFT−1]
T , where

R(l)
q , DFTNFFT

[
r
(l)
NFFT

]

=
1

NFFT

NFFT−1∑

n=0

r(l)n exp

(
−j 2πnq

NFFT

)
. (8.2.12)

Expressing the LPTV channel through the Zadeh’s representation [50, 156] yields the frequency-

domain received vector as [156]

R
(l)
NFFT

= A(l)d̃
(l)
NFFT

(8.2.13)

where A is the NFFT ×NFFT channel matrix whose element Aq,k is given by

A
(l)
q,k =

Z∑

z=−Z

Hz,kÃq,z,k exp

(
j2πznTX

l

N0

)
, (8.2.14)
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{Hz,k} are coefficients related to the Zadeh’s representation of order Z of the LPTV channel
(see [156, 50] for further details) and

Ãq,z,k =
1

NFFT

NFFT−1∑

n=0

exp

(
−j2πn

(
q − k

NFFT
− z

N0

))
(8.2.15)

= exp (−jπδ (NFFT − 1))
sin (πNFFT δ)

sin (πδ)
, (8.2.16)

with

δ =
q − k

NFFT
− z

N0
, (8.2.17)

The power adapted data vector d̂
(l)
Nc
can be estimated mitigating the channel distortions by

means of a ZFE [156]. This requires evaluating the equalized vector

z
(l)
NFFT

=
(
A(l)

)−1
R

(l)
NFFT

(8.2.18)

and taking a decision d̂
opt
NFFT

on d̂
(l)
Nc
on the basis of a minimum distance rule applied to this

vector; then, the vector d̂
(l)
Nc
collecting the Nc symbols associated with the useful subcarriers

(and identified by the values Npre, Npre + 1, ..., Npre + Nc − 1 of the subcarrier index) are

extracted from d̂
opt
NFFT

. Finally, an estimate of the useful data vector cNc is evaluated as

ĉ
(l)
Nc

=
(
G(l)

)
⊙ d̂

(l)
Nc

, (8.2.19)

so that, after parallel-to-serial conversion, the stream of channel symbols is converted into a

stream of output bits.

8.3 Loading Algorithms

The goal of bit and power loading consists of maximizing the bit rate Br of the communication

system while keeping a bit error rate (BER) below a target value BERmax. In addition, the

transmitted signal needs to meet the power spectral density (PSD) mask PSDTX (f), which

establishes the maximum power density that can be injected in the power network to prevent

interference with other devices. In this case, a constraint on the PSD of the transmitted signal

over a single period of the LPTV channel is set; for this reason, the PSD associated with a

given OFDM symbol can exceed the limit PSDTX (f), provided that the constraint is met if

PSDTX (f) is averaged over Nts time slots. More precisely, it is required that
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Nts−1∑

n=0

Pn,k ≤ Nts (PSDTX (fk) ·∆f) (8.3.1)

where fk represents the frequency of the kth subcarrier, ∆f is the frequency spacing between

adjacent subcarriers and k = 0, 1, ..., Nc − 1. Note that the resource allocation problem with

the above mentioned constraints can be solved by tackling the following two independent

subproblems:

• evaluation of the optimal power distribution P (n, k) (with 0 ≤ n < Nts and 0 < k ≤ Nc)

suitable to maximize the bit rate Br under the power constraint 8.3.1;

• evaluation of the bit loading strategy (i.e. the strategy allocating QAM constellations

on the useful subcarriers) suitable to maximize the bit rate Br under the constraint

BER < BERmax.

In fact, the constraint on the power budget affects only the power loading algorithm, while the

constraint on the BER affects only the bit loading. In the following 3 Subsections a power

loading algorithm, a bit loading algorithm and a method to estimate the PSD of the noise

are illustrated.

8.3.1 Power loading algorithm

As already stated above, the goal of the power loading algorithm is the maximization of the

bit rate of the communication system under a constraint on the power budget. The capacity

C of the channel is given by:

C = ∆f

Nts−1∑

i=0

Npre+Nc−1∑

k=Npre

log2


1 +

∣∣∣A(i)
k,k

∣∣∣
2
· Pi,k

∆f · PSDN (i, k)


 (8.3.2)

where ∆f is the frequency spacing of OFDM carriers and PSDN denotes the power spectral

density of the channel noise affecting the k-th subcarrier in i-th slot. The proposed power

loading technique aims at solving the following set of Nc indipedent optimization problems

(each referring to a distinct subcarrier frequency)
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



{
P

(L)
0,k , P

(L)
1,k , . . . , P

(L)
Nts−1,k

}
= argmax

P̃
∆f

∑Nts−1
i=0 log2

(
1 +

∣∣∣A(i)
k,k

∣∣∣
2
·P̃i

∆f ·PSDN (i,k)

)

∑Nts−1
i=0 Pi,k = Nts∆f · PSDTX (fk)

(8.3.3)

with P̃ =
[
P̃0,k, P̃1,k, . . . , P̃Nts−1,k

]T
and k = 0, 1, . . . Nc − 1, n = 0, 1, . . . Nts − 1 and the

quantities
{
A

(i)
k,k

}
are related to the channel gains at the frequencies of the useful carriers

({fk} k = 0, 1, . . . Nc − 1); in the following P(L)= [P
(L)
l,m , ] the matrix of the subcarrier

powers evaluated in this step.

This approach ensures that for each frequency the average power spectral density computed

on a channel period is equal to PSDTX (f). Note that each optimization problem of 8.3.3 can

be viewed as a water filling problem along the time dimension instead of the usual frequency

dimension.

8.3.2 Bit loading

The proposed bit loading algorithm has been devised in a way to allow a simple implementation

on a standard hardware platform. The inputs required by the proposed algorithm are:

1. the maximum admissible bit error rate BERmax;

2. the PSD mask for the transmitter PSDTX (f);

3. the power distribution P(L) generated by the power loading algorithm illustrated in the

previous Subsection;

4. an estimate of the time varying noise PSD along a channel period PSDnoise (this can

be obtained employing the method presented in Subsection 8.3.3);

5. the channel gains A
(n)
k,k for n = 0, 1, . . . Nts − 1 and k = 0, 1, . . . Nc − 1.

The bit loading algorithm operates by comparing the SNR of each TFS with the values of

a look up table which lists the minimum SNR required to achieve a BER equal to BERmax

versus the QAM constellation size Θ. The entries of the look up table can be computed as

follows. The bit error probability for the coherent detection of a Θ-ary QAM can be expressed

as
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P e =
Θ−

√
Θ

Θ
Q− 4

1− 2
√
Θ+Θ

Θ
Q2, (8.3.4)

where

Q =
1

2
erfc
(
α
√
SNR

)
, (8.3.5)

α =

√
3

Θ− 1
, (8.3.6)

SNR =
P |A|2

PSDnoise (fk)∆f
, (8.3.7)

Here P is the power of transmitted signal, PSDnoise is the noise power spectral density and A

is the channel gain. The minimum value of signal to noise ratio SNR (Θ, BERmax) required

to achieve BER equal to BERmax with a Θ-ary QAM can be obtained inverting 8.3.4 with

Pe = BERmax. This requires the following two steps:

1. the computation of the value of Q such that

BERmax =
Θ−

√
Θ

Θ
Q− 4

1− 2
√
Θ+Θ

Θ
Q

2
(8.3.8)

2. The computation of SNR as

SNR (Θ, BERmax) =

[
erfc−1

(

2Q
)

αi,kΘ

]2

(8.3.9)

The bit loading is fed by the power distribution P(L) returned by the power loading and

operates as follows (the steps the algorithm consists of are described for the k-th sucarrier):

1. It sets the Nts ×Nc matrix of the power distribution P = P(L);

2. it computes the maximum size of QAM constellation that can be supported for each

time slot along the k-th subcarrier with a BER equal to BERmax as

Θn,k =







0 if SNR
(

n, k
)

< SNR (4, BERmax)

max
{

Θ | SNR
(

n, k
)

≥ SNR (Θ, BERmax)
}

otherwise
(8.3.10)

with n = 0, 1, . . . Nts − 1.
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Therefore, the set TFS
(k)
ON of the TFSs exploited in data trasmission is given by

TFSON

(

k
)

=
{

n | Θn,k > 0
}

(8.3.11)

for the k-th subcarrier. This produces a bit distribution denoted ΘC in the following to

evidence that is a corse distribution. Indeed, a better (fine) distribution can be obtained by

adjusting the power distribution as follows (the k-th subcarrier is considered again):

1. For each TFS associated with the k-th carrier the power is set to the minimum value

matching the constraint on the BER, i.e. the rule

Pn,k = SNR
(

ΘC
n,k

, BERmax

)

(PSDN (fk)∆f) n ∈ TFSON

(

k
)

(8.3.12)

is used.

2. The power surplus PS
k
is evaluated as

PS
k
= PSDTX ·∆f ·Nts −

∑

n∈TFSON(k)

Pn,k (8.3.13)

3. The additional power PAdd
n,k

required to extend the size of the constellation from Θn,k to

4Θn,k for the TFS (n, k) in the ON state or to turn on that TFS in the OFF state is

given by

PAdd
n,k

=







SNR
(

4ΘC
n,k

, BERmax

)

∆f − PS
k

n ∈ TFSON

(

k
)

SNR (4, BERmax)∆f otherwise
(8.3.14)

4. By defining P̌Add
k

, sort
(

PAdd
n,k

)

the set
{

PAdd
n,k

, n = 0
}

arranged in ascending order and

Ňk , arg(•,k)

[

P̌Add
k

]

the set of theb values of the index n index associated with the

elements of P̌Add
k
. The maximum number Nu of costellations that can be updated is

evaluated as

Nu = max

{

N |
N−1
∑

n=0

P̌Add
k

≤ PS
k

}

(8.3.15)

5. Therefore a fine constellation distribution Θ(F ) can be obtained as (this matrix is ini-

tialized as Θ(F ) = Θ(C))

ΘF
Ň

k
[m],k

=







4ΘC
Ň

k
[m],k

if ΘC
Ň

k
[m],k

> 0

4 otherwise
m = 0, 1, . . . Nu − 1 (8.3.16)
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6. Finally, the fine power distribution is given by

PF
Ň

k
[m],k

= PŇ
k
[m],k + PAdd

Ň
k
[m],k

m = 0, 1, . . . , Nu − 1 (8.3.17)

8.3.3 Noise modelling

A specific method for modelling the periodic time varying behavior of powerline noise has been

developed. This method exploits the OFDM receiver to estimate the variance of the noise on

each carrier. By sampling the noise for L subsequent periods of the channel, the variance of

the real and imaginary part of the noise at the output of the FFT block is estimated for each

TFS as

σ̂2
real (k, n) =

1

(L− 1)

L−1
∑

l=0

(

Re
{

R
(n+lNts)
k

}

− E
{

Re
{

R
(n+lNts)
k

}})2
(8.3.18)

and

σ̂2
imag (k, n) =

1

(L− 1)

L−1
∑

l=0

(

Im
{

R
(n+lNts)
k

}

− E
{

Im
{

R
(n+lNts)
k

}})2
. (8.3.19)

respectively. It is worth remembering that powerline noise is not Gaussian for frequencies

below 1MHz [128], so that in principle (8.3.4) does not hold for powerline communications.

However, it has been shown that modeling the noise at the output of an OFDM demodulator

as a coloured Gaussian process provides good accuracy in terms of error performance [128],

so that the noise can be modelled at the output of the FFT block for each TFS as a complex

random variable consisting of iid Gaussian rvs with variance

σ̂2 (k, n) = max
{

σ̂2
real (k, n) , σ̂

2
imag (k, n)

}

. (8.3.20)

Finally, an estimate of the noise PSD can be evaluated as

P̂SDN (i, k) ≃ 2σ̂2

∆f
(8.3.21)

8.4 Simulation and numerical results

All the algorithms considered in this Chapter have been tested using a set of measurements

acquired in a residential house located in Maranello (Modena, Italy). In particular, the ex-

perimental data include a data base collecting the TVTF of 24 powerline channels and for
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Parameter Value

Sampling frequency fs = 2 MHz

Order of the FFT NFFT = 512

Length of the cyclic prefix NCP = 60

Number of useful carriers Nc = 76

Useful band 203.1− 496.1 kHz

Number of OFDM symbol per mains period Nts = 34

Table 8.1: Parameters of the OFDM modulator and demodulator.

each channel a set of noise sequences acquired by means of the channel sounder described in

[91]. Note that the channel impulse responses and the noise sequences have been acquired syn-

chronously to the mains on subsequent mains periods. Then, the measured powerline channel

have been modeled through the Zadeh’s representation [132] with sampling frequency fs = 2

MHz, order Z = 4 and memory M = 400 (corresponding to 200 µs).

The values of the parameters of the OFDM modulator and demodulator are listed in Table

8.1.

Three different approaches for bit and power loading have been considered in this work:

1. A standard bit loading algorithm which operates in the presence of the maximum power

allowed by the PSD mask over each OFDM symbol;

2. the bit loading algorithm [147] (denoted as Tunc-Perrins-Lampe, TPL, in the following)

which limits the total power spent by the transmitter over each period of the LPTV

channel;

3. the proposed bit loading algorithm (denoted as Gianaroli-Pancaldi-Vitetta, GPV, here-

after) which limits the power transmitted over each subcarrier to meet the PSD mask

over each period of the LPTV channel.

At the beginning of numerical analysis one of the measured powerline channels has been

randomly picked out and exploited for performance assessment; in particular, the TVTF

and noise PSD characterizing the selected channel are illustrated in Fig. 8.4.1 and 8.4.2,

respectively, whereas the resulting signal-to-noise ratio (SNR) at the receiver, which accounts

also the PSD mask, is shown in Fig. 8.4.3 (see eq. (8.3.7)). Note that variations as large
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Figure 8.4.1: Absolute magnitude of the TVCFR in dB.
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Figure 8.4.2: Time varying PSD of the noise in dB/Hz.
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Figure 8.4.3: SNR at the receive side in dB.

Channel off 4-QAM 16-QAM 64-QAM Br BER

standard 65.7% 28.3% 6% 0.1% 209 kbps 5.3 · 10−6
TPL 74.7% 19.4% 6% 0% 162 kbps 2 · 10−4

proposed GPV 48% 26.1% 23% 2.9% 420 kbps 9.8 · 10−5

Table 8.2: Performance results evaluated for the standard, TPL and GPV algorithms for bit
and power loading.

as 40 dB are visible in TVTF, noise PSD and SNR. Then, the performance of the all the

considered bit/power loading algorithms has been assessed by computer simulation; the results,

summarized in Table 8.2, have been obtained assuming the PSD mask

PSDTX (f) =







−110 dBm/Hz 203.1 kHz ≤ f ≤ 496.1 kHz

0 otherwise
, (8.4.1)

a maximum constellation size Qmax (n, k) = 1024, a target maximum BER BERmax = 10−4,

L = 20 channel periods (corresponding to 200 ms) for noise estimation (8.3.18)-(8.3.19) and

100 channel periods (i.e., 1 s) for data transmission. The performance of the bit loading

techniques in terms of allocated constellation size Q (n, k) is illustrated in Fig. 8.4.4. Note

that:

• the periodicity of the channel transfer function and noise statistical properties (see Figs.
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Figure 8.4.4: Bit allocation over the TFSs of a channel period when the (a) standard, (b) TPL
and (c) GPV algorithms are employed for the same communication channel ; blue denotes
Q (n, k) = 0, cyan Q (n, k) = 4, yellow Q (n, k) = 16 and red Q (n, k) = 64.



186 Chapter 8

−130 −120 −110 −100 −90 −80 −70
0

0.5

1

1.5

2

2.5

3

PSD[dB/Hz]

B
r
[M

bi
t/
s]

Stationary

TPL

GPV

Figure 8.4.5: Bit rate achieved by the standard, TPL and GPV algorithms versus the trans-
mitted PSD.

8.4.1 and 8.4.2, respectively) entails a periodicity in bit allocation;

• bit allocation follows the behaviour of the SNR (see Fig. 8.4.3), i.e. large constellation
sizes Q (n, k) are associated with TFSs characterized by large SNRs;

• the smart bit allocation of the GPV algorithm allows to turn on a larger number of TFSs
with respect to its counterparts;

• the proposed GPV technique outperforms the standard approach in terms of bit rate
because larger constellation sizes can be supported still satisfying the BER constraint

BERmax = 10−4; in fact in the considered scenario the GVP algorithm can achieve a

bit rate of 420 kbps with a BER of 9.8 · 10−5 against 209 kbps with a BER of 5.3 · 10−6
for the standard technique;

• the TPL algorithm is outperformed by the standard and GVP algorithms in terms of
both bit rate and BER (this result will be motivated at the end of this Section).

The performance of the three algorithms in terms of bit rate and BER has been also assessed

feeding the OFDM simulator with sequences of measured noise; in this case only 20 channel

periods are available in practice, so that about 20 · Nts = 680 OFDM symbols have been

transmitted (roughly corresponding to the transmission of 100 kbits). Consequently, since in
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Figure 8.4.6: Bit rate achieved by the standard, TPL and GPV algorithms in the presence of
measured noise.

−120 −115 −110 −105 −100 −95 −90 −85 −80
10

−5

10
−4

10
−3

10
−2

10
−1

PSD[dB/Hz]

B
E
R

Stationary

TPL

GPV

Figure 8.4.7: BER performance provided by the standard, TPL and GPV algorithms versus
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Figure 8.4.8: BER performance provided by standard, TPL and GPV algorithms in the pres-
ence of measured noise.

these conditions statistically meaningful values BER should not exceed 10−2, the performance

of of the GPV algorithm has been assessed for larger target BER (BERmax = 10−2). In

addition, the performance of the same communication system has been assessed in the presence

of Gaussian noise over each subcarrier (in practice, the real and imaginary parts of each noise

sample has been modelled as iid Gaussian rvs; see (8.3.18)-(8.3.19)) for comparison. The bit

rate achieved by the system operating in the presence of modelled (Gaussian) and measured

noise is illustrated in Fig. 8.4.5 and 8.4.6, respectively, versus the transmitted PSD (which is

constant over the band of interest 200 − 500 kHz), whereas the BER performance achieved

in the presence of modelled (Gaussian) and measured noise is illustrated in Fig. 8.4.7 and

8.4.8, respectively. Note that the proposed GPV algorithm outperforms its counterparts when

the PSD is smaller than 10−10 W/Hz, i.e. for low SNRs, whereas the TPL technique can

outperform the proposed GPV algorithm for a PSD larger than 10−10 W/Hz. This behavior

can be related to the different power constraints set for the GPV and TPL techniques; in

fact, the former technique is forced to meet the PSD mask on a subcarrier by subcarrier basis,

whereas the latter one can focus all the available power on the best TFSs. In particular,

in the considered scenario, the TPL algorithm takes advantage of 45 useful subcarriers over

the 76 available ones, but 37 subcarriers (over the 45 active ones) fall above the PSD mask

(constant over the band of interest 200− 500 kHz). Furthermore, the TPL technique cannot
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meet the target BERmax = 10−2 for the following two reasons: a) a substantial approximation

is introduced in eq. (7) of [147]; b) the unrealistica assumption of stationary AWGN is made

in [147] (powerline noise is neither stationary nor white below 1 MHz [128]). Finally, it is

worth pointing out that:

• the bit rate achievable in the presenec simulated (Gaussian) noise is larger than that

referring to the case of measured noise;

• the BER performance achieved by the system operating in the presence of simulated

(Gaussian) noise is larger than that with measured noise.

This behavior can be mainly related to the unrealistic assumption that the in-phase and

quadrature components of the noise are iid; in fact, real world powerline noise is characterized

by correlated components. Consequently, the bit rate decreases when employing measured

noise because the the variance of channel noise is overestimated (see (8.3.20)); however, the

BER gets smaller as well since the OFDM demodulator operates in more favourable conditions.

8.5 Conclusions

In this Chapter it has been shown that the knowledge of periodic time varying properties of

powerline channels can be exploited to improve the bit rate of an OFDM link. In particular,

bit/power loading algorithms have been developed under the assumptions of: a) specific con-

straints on the maximum admissible BER and on the maximum average transmitted power;

b) knowledge of the parameters of a Zadeh-based LPTV model of the communication channel.

Numerical simulations and experimental results referring to specific indoor scenarios have evi-

denced that the proposed algorithms can substantially outperform other techniques developed

for linear time invariant channels or for LPTV channels.
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Conclusions

In this thesis several important research issues regarding indoor powerline communication sys-

tems have been addressed. The main goal has been the development of innovative techniques

able to improve the performance of powerline communications systems without requiring a

bandwidth increase. To this aim, the nature of powerline communication channels has been

investigated under different points of view. In the first part of the research activities (see the

first two chapters of this manuscript) powerline communication channels have been modeled

as time invariant systems. In particular, a statistical channel simulator based on a Monte

Carlo method has been developed and some experimental data have been acquired to validate

the proposed tool and to characterize the input impedance of home appliances. The acquired

data have evidenced the impact of accurate characterization of power load on the accuracy of

the results achievable through the channel simulator. In particular, it has been shown that

a good accuracy in the simulation of powerline channels at low frequency is achieved if home

appliances are modeled as complex impedances. In the following two chapters the problem

of powerline noise modeling has been addressed. In particular, in Chapter 3 the develop-

ment of a model for the cyclostationary contributions of powerline noise has been studied.

Various realizations of powerline noise have been acquired in the laboratories of the Depart-

ment of Engineering “Enzo Ferrari” in order to assess the capability of the model to fit the

cyclic autocorrelation function of measured noise. In Chapter 4 the effect of noise modeling

on the error performance of a simulated powerline communication system employing OFDM

has been analysed. In particular, the impact of the noise probability density function and

power spectral density on error performance has been investigated. Simulation results have

evidenced that the most important property to be accounted for by a noise model is the power

191
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spectral density. The second part of the thesis has dealt with the analysis and modeling of

time varying properties of powerline channels. To carry out this research activity, a specific

channel sounder for powerline communication channels has been designed end implemented

using a FPGA development board. Experimental results provided by this channel sounder

have evidenced that indoor powerline channels can be represented as linear periodically time

varying systems. A discrete time model for this class of systems has been derived starting from

the so called Zadeh’s series representation. The devised model achieve excellent performance

in terms of both complexity and accuracy. The problem of estimating the parameters of this

channel model has been also investigated; in particular, it has been shown that a simple and

accurate frequency domain estimator can be employed. In the last part of this thesis, the de-

veloped channels models have been exploited to derive innovative communication techniques

for OFDM powerline communication systems. More specifically, an OFDM equalizer and an

OFDM bit loading algorithm, based on the knowledge of the time varying characteristics of

powerline channels, have been proposed. The performance of these algorithms has been as-

sessed resorting to computer simulations approach and some experimental tests. The results

have evidenced that in indoor powerline communications reliable communications at 1MBit/s

can be achieved by a multicarrier communication system with a bandwidth of about 300 kHz.
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