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Abstract— Power line communication (PLC) techniques
present a no extra wire solution for the communication purpose
in a smart grid due to the ubiquity and low cost. Moreover,
the through-the-grid property of PLC has naturally extended its
possible applications, including but not limited to the automatic
meter reading, line quality monitoring, online diagnostics, and
network tomography. To guarantee the performance of commu-
nications as well as other applications in PLC systems, accurate
channel state information (CSI) acquisition should be performed
regularly. However, the conventional pilot-based CSI acquisition
approaches in PLC systems have not made full use of the
channel characteristics and hence suffer from a low spectral
efficiency. In this paper, by exploiting the parametric sparsity and
discretizing the electrical length in the well-known PLC channel
model, we formulate the non-sparse (either time domain or
frequency domain) PLC channel into a compressive sensing (CS)
applicable problem. Furthermore, we propose a spectrally effi-
cient CSI acquisition scheme under the framework of Bayesian
CS and extend it to the multiple-input multiple-output PLC by
investigating the channel spatial correlation. Compared with the
existing sparse CSI acquisition schemes for PLC, such as the
annihilating filter-based and the estimating signal parameters
via rotational invariance technique-based ones, the proposed
scheme has better mean square error performance and noise
robustness.
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I. INTRODUCTION

DUE TO the ubiquitous availability, easy installation
and low cost, the broadband power line communi-

cation (PLC) has been considered as an appealing com-
munication solution for both smart grid and smart home
applications [1]–[4]. To accelerate the developments of broad-
band PLC, several competing standards have been pro-
posed recently, such as Homeplug AV2.0 [5], G.hn [6],
and IEEE 1901 [7]. By adopting the orthogonal frequency
division multiplexing (OFDM), advanced coded modulation
techniques, multiple input multiple output (MIMO) scheme,
and effective noise mitigation approaches, broadband PLC can
achieve a data rate of Gbps [5], [8]–[11].

In fact, PLC could be more than a means of communi-
cations. Thanks to its “through the grid” property, PLC can
provide many other value-added services together with the
communications [2], e.g., the automatic meter reading [12],
line quality monitoring [13], online diagnostics [14], and
network tomography [15]. In practice, accurate channel state
information (CSI) acquisition is a prerequisite to guarantee
the performance of communications and other services [13],
[15], [16]. However, the PLC channel is time-varying due to
the time-variant grid topology caused by the changes in the
electrical loads. Consequently, the CSI acquisition of the PLC
needs to be performed regularly.

Among the numerous CSI acquisition approaches for PLC
systems [17]–[21], the training-based ones are the most
mature and widely adopted. Generally, PLC systems use
the pilots for CSI acquisition under the least squared (LS)
criterion [18]–[21]. But the drawback is that it doesn’t make
use of channel characteristics to reduce the pilot overhead,
and is not spectrally efficient. Some researchers [22] have
directly applied the compressive sensing (CS) into the time-
domain PLC channel model. Nevertheless, the PLC channel
is not sparse in either time or frequency domain according
to [3] and [23], which indicates that the straightforward appli-
cation of CS would fail. Recently, by exploiting the parametric
sparsity of PLC channels, the sparse CSI acquisition schemes
based on the annihilating filter [24] and the estimating signal
parameters via rotational invariance technique (ESPRIT) [15],
have been proposed. Such schemes could significantly reduce
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the pilot overhead and achieve higher spectral efficiency, which
opens a brand new field of vision for CSI acquisition in PLC
systems. However, we found that due to the ill-conditioned
root-finding and singular value decomposition (SVD) opera-
tions, these two schemes [15], [24] are sensitive to noise.

In this paper, we propose a noise-robust and spectral effi-
cient sparse CSI acquisition scheme based on the Bayesian
CS (BCS) [25], [26]. Specifically, the contributions of this
paper can be summarized as follows:
• Firstly, we have well reviewed two representative sparse

CSI acquisition schemes, i.e., the annihilating filter
based [24] and ESPRIT based [15] ones, and discuss their
noise sensitivity.

• Secondly, the noise-robust CS cannot be directly applied
because the PLC channels demonstrate neither time-
domain nor frequency-domain sparsity. By discretizing
the electrical length with an appropriate resolution,
we exploit the parametric sparsity of the PLC channel
and formulate the CSI acquisition into a CS applicable
problem.

• Thirdly, by evaluating the proposed observation matrix,
we find that the conventional greedy CS cannot recover
the desired CSI due to the strong coherence of the
matrix. In this context, we propose a noise-robust and
spectrally efficient sparse CSI acquisition scheme under
the framework of BCS.

• Fourthly, by exploiting the spatial correlation, we propose
two schemes for MIMO PLC CSI acquisition, based
on the Multiple response model Sparse Bayesian
Learning (MSBL) [27] and block SBL (BSBL) [28]
algorithms. Specifically, a modified BSBL algorithm has
been proposed to better utilize the correlation and cope
with the channels of only partial common path delays.

• Finally, numerical simulations have been carried out to
compare the performances of the different approaches.
The proposed scheme demonstrates better performance
as well as higher spectral efficiency than the existing
schemes in both single input single output (SISO) and
MIMO PLC systems.

The remainder of this paper is organized as follows.
In Section II, we describe the abstract model of the SISO and
MIMO PLC channels used throughout the paper and introduce
the channel parametric sparsity as well as the spatial correla-
tion property of MIMO PLC channels. The two representative
sparse CSI acquisition schemes are reviewed and discussed
in Section III. The proposed BCS based CSI acquisition
schemes for SISO and MIMO PLC systems are described
in Section IV and Section V, respectively. Section VI and
Section VII address the discussions and simulation results.
Finally, the conclusions are provided in Section VIII.

Notation: The uppercase and lowercase boldface letters are
used to denote matrices and column vectors; (·)T , (·)H , (·)−1,
(·)†, diag(·), ‖·‖F , ‖·‖p , ⊗, Tr (·), and �·� denote the trans-
pose, conjugate transpose, matrix inversion, Moore-Penrose
matrix inversion, diagonal matrix, Frobenius norm, l p norm,
Kronecker product, matrix trace, and floor operations, respec-
tively; x|D denotes the entries of the vector x in the set of D;
�|D represents the sub-matrix comprising the D columns of �.

Fig. 1. The typical topology of a power line network.

Fig. 2. The channel impulse response and channel frequency response of
a typical 15-path PLC channel [23].

II. SYSTEM MODEL

A. SISO PLC Channel

Among the classical PLC models [23], [29]–[31], the
Zimmermann’s model [23], which adopts a bottom-up model-
ing processing based on the transmission line theory, is the
most widely used. The sparse CSI acquisition schemes
for PLC, including the existing ones and our proposed one,
are based on this model.

Due to the impedance mismatch in the power line network
illustrated in Fig. 1, the PLC channel usually undergoes the
“multipath” fading, whose channel frequency response can be
represented as

H ( f ) =
L∑

l=1

gl · e−(α0+α1 f )dl · e− j2π f
dl
vg , (1)

where L is the number of paths, gl and dl represent the
weighting factor and electrical length of the l-th path, α0 and
α1 denote the attenuation parameters, while vg is the group
velocity of the power cable. Since the path of a longer distance
usually suffers severer attenuation, the number of the paths L
can be modeled to be finite and small [15], [23].

Parametric sparsity: Following the example of wireless
communications, some researchers [22] have directly applied
the CS into the time-domain PLC channel model. Neverthe-
less, according to (1), the PLC channel is not sparse in either
time or frequency domain [3], [23], as depicted in Fig. 2,
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Fig. 3. A 2 × 3 PLC MIMO channel model.

which indicates that the straightforward application of CS
would fail. Fortunately, it can be observed from (1) that
for a deterministic channel, the number of parameters to be
estimated1 is far less than the channel dimension, i.e., the PLC
channel has the so-called “parametric sparsity”.

To exploit the parametric sparsity, we will have uniform
samplings of the continuous channel frequency response
between [ fmin, fmax] with a spacing � f , and then the discrete
channel frequency response can be written by

Hk
�= H ( fk) = H ( fmin + k� f )

=
L∑

l=1

gl ·e−[α0+α1( fmin+k� f )]dl · e− j2π( fmin+k� f )
dl
vg + wk

=
L∑

l=1

cl · uk
l +wk, (2)

where cl and ul are the intermediate variables given by,

cl = gl · e−[(α0+α1 fmin)dl+ j2π fmin
dl
vg
]
, (3)

ul = e
−(α1dl+ j2π

dl
vg

)� f
, (4)

and wk represents the interference effect caused by the noise.

B. MIMO PLC Channels and Spatial Correlation Property

During the last few years, MIMO PLC techniques have
been investigated to achieve higher data rates by utilizing
the three-wire power cable for communications: Phase (P),
Neutral (N) and Earth (E) [11]. The SISO PLC systems use
only the P-N port to transmit and receive the signals. If the
unused E wire is utilized, the three wires can form three ports
P-N, P-E and N-E to constitute a 2× 3 MIMO configuration2

as shown in Fig. 3.

1The changes of power line network topology will only influence the L , gl ,
and dl . For simplicity, the other parameters could be considered as constants
and obtained in priori under a deterministic power line network.

2Usually, due to Kirchhoff’s law, only two input ports can be used
simultaneously for a three-wire power cable. For all practical purposes, one
can deploy any 2×2, 2×3 or 2×4 (with an additional common mode (CM,
receive only) port [32]) MIMO configurations for the typical power cables.

Generally, for an Nt × Nr MIMO PLC systems with
Nt transmit and Nr receive antennas, the transfer function
between the port p of the transmit node and the port q of
the receive node can be represented by [11], [33], [34]

H (pq)( f ) =
L∑

l=1

g(pq)
l · e− jϕ(pq) · e−(α0+α1 f )dl · e− j2π f

dl
vg .

(5)

The model in (5) is mainly based on the assumption that
the channels between different port pairs demonstrate the
spatial correlation property, where only two parameters are
different among the MIMO links: the path gains gl and the
correlation term ϕ(pq). This is because the topology of the
power line network is the same, which is independent from
the port pairs, and the signals between different port pairs will
undergo the similar propagation paths [11]. This model has
been derived based on the multi-conductor transmission line
theory and validated via the field measurements [33], [34].
However, the key assumption of this model is that different
channels share the common path delays, which will not hold
in two cases: A) if the CM receive port is employed, since CM
reception uses a unique signal transmission mechanism [11];
B) if not all conductors are tapped for some loads and only
partial common delays exist. For Case A, it only needs to
perform an individual CSI acquisition at the CM reception
and is not worth studying. For Case B, it will introduce
challenges to the current schemes and be of great research
interests.

By exploiting the commonly used orthogonal pilots in the
transmitted OFDM data block for different transmit anten-
nas, i.e., allocating different start sampling frequency f (pq)

min
while using the same sampling spacing � f , we could have
the uniform samplings of the channel frequency responses,
which are similar to the SISO case and given by

H (pq)
k � H ( f (pq)

k ) = H ( f (pq)
min + k� f )

=
L∑

l=1

g(pq)
l · e− jϕ(pq) · e−[α0+α1( f (pq)

min +k� f )]dl

· e− j2π( f (pq)
min +k� f )

dl
vg +w

(pq)
k

=
L∑

l=1

c(pq)
l · uk

l +w
(pq)
k , (6)

where c(pq)
l is the intermediate variable given by,

c(pq)
l = g(pq)

l · e−[(α0+α1 f (pq)
min )dl+ j (2π f (pq)

min
dl
vg
+ϕ(pq))]

, (7)

and w
(pq)
k represents the interference effect caused by the

noise.
Remarks: In this way, the CSI acquisition of PLC systems

can be transformed to the classical spectral estimation problem
formulated in (2) and (6), and then solved under the framework
of the finite rate of innovation (FRI) [15], [24]. In the next
section, we will briefly review two representative FRI based
sparse CSI acquisition schemes, i.e., the annihilating filter
based [24] and the ESPRIT based [15] ones.
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III. SPARSE CSI ACQUISITION SCHEMES FOR

PLC SYSTEMS: STATE-OF-THE-ART

In this section, we review the annihilating filter based and
the ESPRIT based schemes for sparse CSI acquisition in PLC
systems, and discuss why such schemes are sensitive to noise.
Here we only discuss the methods in SISO cases for simplicity.

A. Annihilating Filter Based Scheme

For the signal Hk =∑L
l=1 cl · uk

l , its annihilating filter can
be constructed as

Â(z) =
L∏

l=1

(1− ul z
−1) =

L∑

m=0

Amz−m, (8)

where Am, m = 0, 1, . . . , L are the filter coefficients.
According to the definition of the annihilating filter, the con-

volution between the signal Hk and the filter Am will be zero,
which is given by

L∑

m=0

Am Hk−m =
L∑

m=0

Am

L∑

l=1

clu
k−m
l

=
L∑

l=1

clu
k
l

L∑

m=0

Amu−m
l = 0. (9)

Based on (9), the following equations can be constructed
⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

A0 HL + A1 HL−1 + · · · + AL H0 = 0

A0 HL+1 + A1 HL + · · · + AL H1 = 0
...

A0 HM−1 + A1 HM−2 + · · · + AL HM−L−1 = 0.

(10)

Without loss of generality we can assume A0 = 1, so that
the matrix form of (10) considering the noise effect can be
re-written as

Ha = b+ w, (11)

where

H =

⎡
⎢⎢⎢⎣

H0 H1 · · · HL−1
H1 H2 · · · HL
...

...
. . .

...
HM−L−1 HM−L · · · HM−1

⎤
⎥⎥⎥⎦, (12)

a = [AL, AL−1, · · · , A1]T , (13)

b = −[HL, HL+1, · · · , HM−1]T . (14)

After the filter coefficients have been obtained, ul can be
derived by finding the filter roots,

{ul}Ll=1 = roots{[A0, A1, · · · , AL]}, (15)

and then the coefficients cl can be obtained under the LS
criterion. For a certain power line network, the parameters
including α0, α1 and vg are constant and known a priori, and
hence the electrical length and the weighting factor can be
calculated,

dl = − ln(ul)vg/[(α1vg + j2π)� f ], (16)

gl = cl · e(α0+α1 fmin)dl+ j2π fmin
dl
vg . (17)

B. ESPRIT Based Scheme

Consider again the matrix H in (12), and it can be decom-
posed as H = USVH , where U, S and VH are given by:

U =

⎡

⎢⎢⎢⎣

1 1 · · · 1
u1 u2 · · · uL
...

...
. . .

...

uM−L−1
1 uM−L−1

2 · · · uM−L−1
L

⎤

⎥⎥⎥⎦, (18)

S = diag(c1, c2, · · · , cL), (19)

VH =

⎡

⎢⎢⎢⎣

1 u1 · · · uL−1
1

1 u2 · · · uL−1
2

...
...

. . .
...

1 uL · · · uL−1
L

⎤

⎥⎥⎥⎦. (20)

In practice, the matrix H will be decomposed using the
unique SVD as

H = UsSsVH
s + UnSnVH

n , (21)

where the columns of Us and Vs are L principal left and right
singular vectors of H, representing the signal subspace, while
the second terms UnSnVH

n represent the noise subspace.
It can be proved that both Us and Vs will satisfy the shift-

invariant property, and therefore, the estimates ûl for ul is the
eigenvalues of the matrix Z = Us

† · Us [15], [35], where
(·) and (·) denote the operations of omitting the last and
first row of (·), respectively.

After obtaining the ul , the coefficients cl can then be derived
in the same way as the annihilating filter based scheme. Then
the dl and gl can be calculated according to (16) and (17).

C. Noise Sensitivity

The annihilating filter based scheme could perfectly recov-
ery the parameters from only 2L measurements in the noise-
less scenario. However, in the noisy cases, this scheme will
degrade rapidly due to the ill-conditioned root-finding opera-
tion in (15) even if with oversampling [35], [36].

The kernel operation of the ESPRIT algorithm is the SVD.
Based on the principle of SVD, the L largest singular values
and their singular vectors Us correspond to the signal sub-
space, while the other singular values and vectors correspond
to the noise subspace. If we could find the signal subspace
correctly, the problem will be perfectly solved. However,
if the singular values of the noise subspace is comparable to
those of the signal subspace, for example, when the signal to
noise ratio (SNR) is not high enough, the performance of the
ESPRIT algorithm will degrade significantly [35], [36].

In the following sections, we will provide the simulation
performance of the annihilating filter based and ESPRIT based
schemes and show that they are sensitive to noise and might
be impractical for CSI acquisition.3

3Moreover, the parameter L , which has to be exactly known a priori in
annihilating filter and ESPRIT algorithms, is however unknown in the practice,
limiting the feasibility of such methods.
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IV. BAYESIAN COMPRESSIVE SENSING

BASED SPARSE CSI ACQUISITION

The CS theory has been proved to be robust to noise when
recovering the sparse signals. However, we have shown that it
is invalid to directly apply CS into the PLC CSI acquisition
since the PLC channel is not sparse in either time or frequency
domain. In order to apply the CS algorithms, we must first
construct an observation matrix. In this paper, by discretizing
the electrical length with a resolution �d , i.e., nl = �dl/�d �
and N = �max(dl)/�d�, the continuous spectral estimation
problem in (2) and (6) can be turned into a CS applicable
discrete estimation problem.

Let us consider the SISO case again, and with the above
discretization, the model in (2) can be represented by

Hk =
L∑

l=1

gl · e−[α0+α1( fmin+k� f )]nl�d

· e− j2π( fmin+k� f )
nl�d
vg +wk

=
L∑

l=1

[
e
−(α1+ j 2π

vg
)� f �dnl

]k

·
[

gl · e−[(α0+α1 fmin)+ j2π
fmin
vg
]�dnl

]
+wk . (22)

By defining

vn = e
−(α1+ j2π

vg
)� f �d ·n

, 1 ≤ n ≤ N, (23)

xn =
{

gl · e−[(α0+α1 fmin)+ j2π
fmin
vg
]�d ·n

, if n = nl

0, otherwise
(24)

we could derive a discrete estimation model as,

y = �x+ w′, (25)

where y, � and x are given by,

y = [H0, H1, · · · , HM−1]T , (26)

� =

⎡

⎢⎢⎢⎣

1 1 · · · 1
v1 v2 · · · vN
...

...
. . .

...

vM−1
1 vM−1

2 · · · vM−1
N

⎤

⎥⎥⎥⎦

M×N

, (27)

x = [x1, x2, · · · , xN ]T , (28)

while w′ denotes the noise vector. Here, x is the target
sparse vector containing only L nonzero elements on the
corresponding support T = {nl}Ll=1, which might finally be
solved by the CS theory.

For (25), CS theory has proved that the target signal x can be
exactly recovered by a very small number of observations M
if x is sparse, i.e., the number of nonzero entries of the target
signal L is much smaller than its dimension N . In practice,
different CS algorithms will have different requirements on
the matrix and the sparsity for a reliable recovery. In this
paper, we focus on two categories of CS reconstruction: the
greedy CS [37], [38] and the Bayesian CS [26]. In the greedy
CS algorithms, the restricted isometry property (RIP) of the
observation matrix � is a sufficient condition to guarantee the
recovery performance [39]. Unfortunately, there is currently

Algorithm 1 RVM Algorithm Based PLC CSI Acquisition
Inputs:

Noisy measurements y; Resolution �d; Signal dimension
N ; Target residual rth .

Output: Parameter estimate L, gl , dl .
1: Initialization:

Noninformative prior matrix �0 = IN ;
Initial noise variance λ0 = 0.01 × var(y) and residual
r0 = y;

2: Construct the observation matrix � based on the inputs;
3: t = 1;
4: Run the RVM algorithm [25] to update the target signal

μt
x, the noise variance λt , the residual rt , and the iteration

number t until ‖rt‖2 < rth ;
5: x̂ = S3λt (μt

x); {Blank the element less than 3λt .}
6: {dl}Ll=1 = supp(x̂)�d; {Obtain the electrical length from

the nonzero support of target signal.}
7: Calculate gl according to Eqn. (17).

no fast algorithm to check RIP. The common alternative
for measuring how well a observation matrix preserves the
recovery performance is its coherence η� (the smaller the
better) which is defined by the maximum absolute cross-
correlation between the normalized columns of � [39]. One of
the well-known results demonstrates that the greedy methods,
such as orthogonal matching pursuit (OMP) [37], subspace
pursuit (SP) [38] and so on, are guaranteed to perfectly recover
the L-sparse vectors when η� < 1/2L.

However, it can be easily seen from (27) that the coherence
of the observation matrix � in our proposed scheme is very
large, and hence the performance of the greedy CS algorithms
will degrade significantly in this case (see more details in
Section VII). The BCS has given us an alternative to solve
this problem [26]. The BCS is based on the relevance vector
machine (RVM) proposed by Tipping [25], whose idea is to
find the posterior probability f (x|y;�) based on the Bayesian
rule. � denotes the set of the hyperparameters, including the
covariance matrix, the noise variance, and etc., which can
be derived by marginalizing over x and performing evidence
maximization. Once the hyperparameters are obtained, x can
be estimated via the maximum-a-posterior (MAP) criterion.
The BCS algorithms are more robust to the noise since it
adopts a statistical model to describe both the sparse signal
and the noise, and in the reconstruction process, it incorporates
noise statistics in solving the inverse problem. Moreover,
unlike the greedy CS solutions, it can handle the matrix with
strong coherence, which could well fit our problem [40].

The RVM algorithm based PLC CSI acquisition adopted
in this paper is summarized in Algorithm 1. After the
channel parameters have been obtained, the channel fre-
quency response can be synthesized and used for data
equalization.

V. EXTENSION TO MIMO PLC

In the MIMO PLC systems, by utilizing the orthogonal
pilots, we could have the similar matrix formulation for
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a certain transmit-receive pair as,

y(pq) = �x(pq) + w(pq), 1 ≤ p ≤ Nt , 1 ≤ q ≤ Nr , (29)

where

y(pq) = [H (pq)
0 , H (pq)

1 , · · · , H (pq)
M−1]T , (30)

x(pq) = [x (pq)
1 , x (pq)

2 , · · · , x (pq)
N ]T , (31)

x (pq)
n = g(pq)

l · e−[(α0+α1 fmin)+ j (2π
fmin
vg
+ϕ(pq))]�d ·n

,

1 ≤ n ≤ N. (32)

Due to the spatial correlation property of the MIMO PLC
channels as mentioned above, the vector x(pq) to be esti-
mated share the common sparse support, i.e., the indices
of the nonzero elements in x(pq) are the same for all the
transmit-receive pairs. By exploiting such inherent property,
the multiple measurement vector (MMV) based BCS [27]
or block BCS [28] can be applied to enhance the recovery
performance. In this section, we will briefly describe both
kinds of algorithms and then compare their performances
in Section VII.

A. MMV Based BCS

By stacking the noisy measurements y(pq) into one matrix
Y = [y(11), y(21), · · · , y(Nt Nr )], a matrix formulation of (29)
for all antennas can be derived as

Y = �X+W, (33)

where X = [x(11), x(21), · · · , x(Nt Nr )] contains all the target
information to be estimated. In this context, the signal recovery
problem is extended to a MMV model and can be solved
by many BCS methods, one of which, the MSBL algorithm
proposed by Wipf and Rao [27], has a satisfying performance
with an acceptable complexity. The MSBL algorithm based
MIMO PLC CSI acquisition adopted in this paper is summa-
rized in Algorithm 2.

However, the existing MMV algorithms typically assume
that the target signals are independent and identically dis-
tributed processes and ignore the strong correlations of the
nonzero element amplitudes. Moreover, if the common path
delay assumption become invalid in some cases, as discussed
in Section II-B, the MMV BCS based scheme will fail.

B. Block BCS

By incorporating the noisy measurements y(pq) into an
aggregate long vector as

ẏ =
[
(y(11))T , (y(21))T , · · · , (y(Nt Nr ))T

]T
, (34)

the matrix formulation of (33) can be rewritten as

ẏ =

⎡

⎢⎢⎢⎣

�

�

. . .

�

⎤

⎥⎥⎥⎦

Nt Nr M×Nt Nr N

⎡

⎢⎢⎢⎣

x(11)

x(21)

...

x(Nt Nr )

⎤

⎥⎥⎥⎦

Nt Nr N×1

� Dẋ+ ẇ. (35)

Algorithm 2 MSBL Algorithm Based MIMO PLC CSI
Acquisition
Inputs:

Noisy measurements Y; Resolution �d; Signal dimension
N ; Target residual rth .

Output: The parameter estimate L, g(pq)
l , dl .

1: Initialization:
Noninformative prior matrix �0 = IN ;
Initial noise variance λ0 = 0.01 × var(Y) and residual
R0 = Y;

2: Construct the observation matrix � based on the inputs;
3: t = 1;
4: Run the MSBL algorithm [27] to update the target signal

M t
X, the noise variance λt , the residual Rt , and the iteration

number t until ‖Rt‖F < rth;
5: X̂ = S3λt (M t

X); {Blank the element less than 3λt .}
6: {dl}Ll=1 = supp(x̂(11))�d; {Obtain the electrical length

from the nonzero support of target signal.}
7: Calculate g(pq)

l according to Eqn.(32).

Then, by rearranging the elements of the aggregate tar-
get vector ẋ as z = [zT

1 , zT
2 , · · · , zT

N ]T with zn = [x (11)
n ,

x (21)
n , · · · , x (Nt Nr )

n ]T , the system model of (35) can be
rewritten as

ẏ = �z+ ẇ, (36)

where

�=[
φ1 ⊗ INt Nr ,φ2 ⊗ INt Nr , · · · ,φN ⊗ INt Nr

]
Nt Nr M×Nt Nr N ,

(37)

and φi is the i -th column vector of matrix �.
Thanks to the spatial correlation, the rearranged aggregate

target vector z exhibits block sparsity, leading to an additional
structural constraint on the system model. Similarly, due to
the strong coherence of the composition matrices � in �,
� demonstrates a bad RIP as well which cannot guarantee
the recovery performance of the conventional greedy CS
algorithms for block sparse signals. The block BCS could
solve this problem and achieve enhanced performance by
introducing a block covariance matrix B to describe the inher-
ent correlation within the blocks. In this paper, we propose
a modified BSBL algorithm for MIMO PLC CSI acquisition,
which can work despite the common path delay assumption,
as summarized in Algorithm 3.

This scheme is based on the standard BSBL algorithm, but
has the following differences.

1) Adaptivity: Unlike to the standard algorithm where
halting criterion is setting the residual to a fixed threshold,
we also add a constraint of ‖rt‖2 < ‖rt−1‖2. In this way,
the algorithm could be more adaptive and robust in various
channel conditions, for example, if there is strong interference
caused by the partial different path delays.

2) Blanking Operation: In the proposed scheme, the output
of the standard BSBL algorithm μt

z will first be blanked
and then the nonzero support will be obtained for the final
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Algorithm 3 Modified BSBL Algorithm Based MIMO PLC
CSI Acquisition
Inputs:

Noisy measurements ẏ; Resolution �d; Signal dimension
N ; Target residual rth .

Output: The parameter estimate L, g(pq)
l , d(pq)

l .
1: Initialization:

Noninformative prior matrix �0 = IN ;
Initial block covariance matrix B = INt Nr , noise variance
λ0 = 0.01× var(z), and residual r0 = ẏ;

2: Construct the observation matrix � based on the inputs.
3: t = 1;
4: while ‖rt‖2 < ‖rt−1‖2 or ‖rt‖2 > rth do
5: �0 = �t−1 ⊗ B;
6: �t

ẏ = (�0
−1 + 1

λt−1 �H �)−1; {Update the covariance
matrix of the target signal.}

7: μt
z = �0�

H (λt−1I+��0�
H )−1ẏ; {Update the target

signal.}
8: γ t

i = 1
Nt Nr

Tr[B−1(�t
ẏ,i + μt

z,i (μ
t
z,i )

H )] for i =
1, 2, . . . , N ; {Learning rule for the block scalars.}
(μt

z,i is the i -th block in μt
z and �t

ẏ,i is the i -th principal
diagonal block in �t

ẏ.)
9: �t = diag(γ t

1, γ t
2 , · · · , γ t

N );
10: rt = ẏ−�μt

z; {Update the residual.}
11: λt = (

∥∥rt
∥∥2

2 + Tr(�t
ẏ�

H �))/N ; {Learning rule for the
noise variance.}

12: B = 1
N

N∑
i=1

(�t
ẏ,i + μt

z,i (μ
t
z,i )

H )/γ t
i ; {Learning rule for

the block covariance matrix B.}
13: t ← t + 1;
14: end while
15: D = supp

(
S3λt (μt

z)
)
; {Blank the element less than 3λt

and obtain the support.}
16: ẑ|D = (�|D)† ẏ;{Final LS estimation of the target signal.}
17: {d(pq)

l }Ll=1 can be obtained from the support of ẑ;
18: Calculate g(pq)

l according to Eqn.(32).

LS estimation. This operation could further reduce the possible
error of estimation due to the partial different delays in
MIMO PLC channels.

3) Initialization: In certain systems, the parameters, such as
the covariance matrix, the informative prior matrix, the thresh-
old, the noise distribution and so on, could be specified initially
and thus reduce the computational complexity.

VI. THEORETICAL ANALYSIS AND DISCUSSIONS

A. Complexity Analysis

The computational complexity of the sparse CSI acquisition
approaches for PLC systems is compared in this subsection.
According to [24], the annihilating filter equation is a
Yule-Walker system and does not include the specific noise
suppression operation. In the noise-free case, it needs 2L
measurements and a complexity of O(L2) for accurate
estimation. In the noisy case, the method uses oversamplings
of M instead of 2L (M > 2L) to overcome the noise and is
solvable in O(M2) with M noisy measurements.

The computational complexity of the ESPRIT based scheme
is mainly based on the SVD operation which is in the
order of O(L3) in the noise-free case. In the noisy case,
the measurement number increases to M , and the complexity
is O(M2 L + L3) via some simplified implementation.

The complexity of the proposed RVM, MSBL, and BSBL
based schemes is mainly based on the matrix inversion oper-
ation. For RVM based scheme, the complexity of matrix
inversion operation in (25) usually should be O(N3), but by
implementing an iterative formula, the cost can be reduced to
O(M2 N). Similarly, the complexity of the MSBL and BSBL
based schemes are O(M2 N) and O(N3

t N3
r M2 N), respectively.

B. Discussion on Assumptions and Limitations

Before adopting the proposed scheme for sparse CSI acqui-
sition, we would like to discuss the assumptions in the
derivations above.

1) The CSI acquisition problem is focusing on the estima-
tion of two parameters, i.e., gl and dl . The other parameters
including the group velocity v p and the attenuation factors
α0, α1 are assumed to be constant, which indicates the
homogeneity of the power cable. However, the power line
network may consist of different cables and the homogeneity
will be no longer valid. In practice, we can use the averaged
parameters instead.

2) By defining a finite resolution �d , the continuous estima-
tion problem in (2) and (6) is turned into a discrete estimation
problem at the cost of accuracy degradation. Fortunately, in the
simulations, we will show such method has superior noise
robustness and the possible error floor cause by discretization
is acceptable in practical systems.4

VII. SIMULATION RESULTS

In this section, we will provide the simulations to validate
the the proposed scheme. Besides, some remarks and discus-
sions are also addressed.

A. Simulation Setup

For the SISO case or the PN-PN channel in MIMO cases,
the L-path random PLC channel model is adopted for evalu-
ation [41]. For the other channels in MIMO cases, the model
in (5) is adopted for simulation according to [11], [33],
and [34], where the values of ϕ(pq) are drawn randomly
according to a uniform distribution between −�ϕ/2 and
�ϕ/2, and �ϕ = π represents the average correlation with the
PN-PN channel. The channel paramters are listed in Table I.

The other simulation parameters are summarized in Table II.
It should be noted that due to the proposed system model
in (2) and (5), the pilots adopted in this paper is the regularly
combed pilots which locate uniformly in the sub-carriers.

B. Recovery Probability

To evaluate the performance of the proposed scheme
and the greedy CS (OMP) based scheme, Fig. 4 presents the

4The practical PLC systems have adopted some efficient channel coding
scheme for reliable transmission. In this case, the error floor in the MSE of
CSI acquisition will no longer be a serious issue as long as its accuracy at
the certain SNR could reach the required MSE for successful decoding.
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TABLE I

PARAMETERS OF THE RANDOM PLC CHANNEL

TABLE II

PARAMETERS FOR SIMULATIONS

Fig. 4. The recovery probability of the proposed schemes and the greedy
CS based scheme at the SNR = 20 dB.

correct channel recovery probability when different numbers
of pilots M are used with the fixed SNR of 20 dB. The scheme
that directly applies OMP into the time-domain PLC channel
with the iteration number equal to 3L is also performed
for comparison, whereby the randomly distributed pilots are
adopted to guarantee the RIP of the observation matrix [42].
The correct recovery is defined as the estimation mean square
error (MSE) is lower than 10−2, and here the MSE is
given by

MSE =
√√√√

∫ fmax
fmin
|H ( f )− H̄( f )|2d f

∫ fmax
fmin
|H ( f )|2d f

, (38)

where H̄( f ) is the synthetic channel frequency response with
the estimated parameters.

It can be noticed from Fig. 4 that by utilizing the spatial
correlation, the required number of the pilots M for reliable
recovery could be reduced from around M = 52 to M = 48
compared to the SISO case. Besides, the BSBL algorithm
could well exploit the inherent correlation structure of the

Fig. 5. The MSE performance comparison of the proposed schemes and the
related schemes.

MIMO PLC channels, and hence could further reduce the
required pilot number per transmit antenna. The theory also
gives the number of observations M in the BCS algorithm
should be no less than L log(N/L) = 44 for a reliable
recovery [25]. Besides, the greedy CS cannot work well in
either our proposed model or the time-domain PLC channel
model.

In practice, considering the tradeoff between the robustness
of the channel recovery performance and the pilot overhead,
we choose the pilot number for each transmit antenna M = 64
for the proposed scheme in our following simulations.

C. Estimation Performance Comparison

Fig. 5 illustrates the MSE performance of different schemes.
The performances of the greedy CS (i.e., OMP [37]) based
scheme is presented, while the scheme that directly applies
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Fig. 6. The MSE performance comparison of the ESPRIT scheme with
different pilot numbers.

OMP into the time-domain channel is also performed for
comparison. The conventional LS based scheme usually needs
much more measurements, and here both 256 and 64 comb-
type pilots are adopted in this scheme for simulation. It could
be seen that the proposed RVM based scheme demonstrates
better MSE performance than the conventional counterparts.
The annihilating filter based and ESPRIT based schemes need
very high SNR to reach a considerable MSE (10−2), which
are infeasible for practical systems. The greedy CS based
scheme has failed completely due to the strong coherence of
the observation matrix, of which the estimation performance
is even worse than that of the straightforward application of
greedy CS to time-domain channel. In MIMO cases, by uti-
lizing the channel spatial correlation, the proposed MSBL
based scheme could achieve a performance improvement of
around 2.5 dB than the RVM based SISO scheme, while the
proposed modified BSBL based scheme could further enhance
the performance of 2.5 dB compared to the MSBL based one.

We have also carried out the simulations on the ESPRIT
based scheme with different pilot numbers, as illustrated in
Fig. 6. It can be seen from Fig. 6 that the performance of
the ESPRIT based scheme will improve with the increasing
pilot number only when the SNR is high, i.e., above a certain
threshold. Here, the threshold is around 27 dB under our
simulation configurations, which is too high and impractical
in communication systems. The performance of the ESPRIT
based scheme with low SNR is still unreliable.

For the MIMO channels that might not share the same path
delay support (we assume here they have 8 common path
delays), simulations are carried out to evaluate the proposed
schemes as well, as depicted in Fig. 7. In such scenarios,
the MSBL based scheme will degrade significantly while the
modified BSBL based scheme can still work well.

Moreover, the spectral efficiency of the proposed scheme
and the conventional LS based scheme with standard 256 pilots
for the SISO case has been specified in Table III according to
the criterion specified in [38], and the proposed scheme has
much higher spectral efficiency.

Fig. 7. The MSE performance comparison if there only exist partial common
path delays.

TABLE III

THE SPECTRAL EFFICIENCY COMPARISON

Fig. 8. The MSE performance comparison of the proposed scheme in discrete
and continuous cases.

D. Discussion on the Discretization

It can be seen from the derivation part of the above schemes
that the annihilating filter method and ESPRIT algorithm
cope with the continuous signal estimation problem, while
the CS theory works on a discrete model. Consequently,
by discretizing the electrical length and applying the BCS
in our proposed scheme, the estimation performance will
suffer from potential degradation. To verify the performance
degradation caused by discretization, we modify the simulated
electrical length from integers to random real numbers in order
to model the real continuous signals. For simplicity, the SISO
case is used as an example. The MSE performance of different
cases with different electrical length resolutions is presented in
Fig. 8. We find that for the continuous case (more close to the
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real channel condition), the proposed RVM based scheme will
degrade and have an error floor due to the finite resolution.
In practice, such error floor will not become a serious issue
due to the deployment of powerful channel coding. It means
that a reliable transmission could be maintained as long as the
error floor of channel estimation is lower than the required
MSE for successful decoding by choosing a proper resolution.
From Fig. 8, the MSE of the scheme with �d = 1m can
achieve 3× 10−3 at SNR of 30dB, which is accurate enough
to support the reliable transmission modulated with 256QAM
constellation [43] and indicates that �d = 1m can be a good
choice as the resolution under such transmission requirements.

VIII. CONCLUSIONS

In this paper, by exploiting the parametric sparsity and
discretizing the electrical length in the well-known PLC
channel model, we formulate the non-sparse (either time-
domain or frequency-domain) model into a sparse problem.
Furthermore, we propose a noise-robust and spectrally
efficient CSI acquisition scheme under the framework of
BCS, and extend it to the MIMO PLC channels. The proposed
scheme has better MSE performance and spectral efficiency
than the conventional schemes, including both the annihilating
filter based, ESPRIT based schemes and the classical LS
based scheme. We believe the proposed scheme might be
a promising solution for practical PLC systems.

ACKNOWLEDGEMENTS

The authors would like to thank Dr. David Wipf and
Dr. Zhilin Zhang for providing the original sparse Bayesian
learning codes on their web sites.

REFERENCES

[1] K. Dostert, Powerline Communications. Englewood Cliffs, NJ, USA:
Prentice-Hall, 2001.

[2] S. Galli, A. Scaglione, and Z. Wang, “For the grid and through the grid:
The role of power line communications in the smart grid,” Proc. IEEE,
vol. 99, no. 6, pp. 998–1027, Jun. 2011.

[3] H. C. Ferreira, L. Lampe, J. Newbury, and T. G. Swart, Eds., Power
Line Communications: Theory and Applications for Narrowband and
Broadband Communications Over Power Lines. Chichester, U.K.: Wiley,
2010.

[4] L. Lampe, A. M. Tonello, and D. Shaver, “Power line communica-
tions for automation networks and smart grid [guest editorial],” IEEE
Commun. Mag., vol. 49, no. 12, pp. 26–27, Dec. 2011.

[5] HomePlug AV2: Next-Generation Connectivity, HomePlug Powerline
Alliance, Portland, OR, USA, Dec. 2011.

[6] Unified High-Speed Wireline-Based Home Networking Transceivers—
System Architecture and Physical Layer Specification,
ITU-T Standard ITU G.9960, Jun. 2010.

[7] IEEE Standard for Broadband over Power Line Networks:
Medium Access Control and Physical Layer Specifications,
IEEE Standard 1901-2010, IEEE Communications Society Std.,
Dec. 2010.

[8] A. M. Tonello, P. Siohan, A. Zeddam, and X. Mongaboure, “Challenges
for 1 Gbps power line communications in home networks,” in Proc.
IEEE Int. Symp. Pers., Indoor Mobile Radio Commun., Sep. 2008,
pp. 1–6.

[9] A. M. Tonello and F. Pecile, “Efficient architectures for multiuser FMT
systems and application to power line communications,” IEEE Trans.
Commun., vol. 57, no. 5, pp. 1275–1279, May 2009.

[10] D. Fertonani and G. Colavolpe, “On reliable communications over
channels impaired by bursty impulse noise,” IEEE Trans. Commun.,
vol. 57, no. 7, pp. 2024–2030, Jul. 2009.

[11] L. T. Berger, A. Schwager, P. Pagani, and D. M. Schneider, Eds.,
MIMO Power Line Communications: Narrow and Broadband Standards,
EMC, and Advanced Processing. Boca Raton, FL, USA: CRC Press,
2014.

[12] R. Rao, S. Akella, and G. Guley, “Power line carrier (PLC) signal
analysis of smart meters for outlier detection,” in Proc. IEEE Int. Conf.
Smart Grid Commun., Oct. 2011, pp. 291–296.

[13] F. Yang, W. Ding, and J. Song, “Non-intrusive power line quality
monitoring based on power line communications,” in Proc. 17th IEEE
Int. Symp. Power Line Commun. Appl., Mar. 2013, pp. 191–196.

[14] A. N. Milioudis, G. T. Andreou, and D. P. Labridis, “Enhanced
protection scheme for smart grids using power line communications
techniques—Part II: Location of high impedance fault position,” IEEE
Trans. Smart Grid, vol. 3, no. 4, pp. 1631–1640, Dec. 2012.

[15] M. O. Ahmed and L. Lampe, “Power line communications for low-
voltage power grid tomography,” IEEE Trans. Commun., vol. 61, no. 12,
pp. 5163–5175, Dec. 2013.

[16] S. Kim et al., “A secure smart-metering protocol over power-
line communication,” IEEE Trans. Power Del., vol. 26, no. 4,
pp. 2370–2379, Oct. 2011.

[17] M. Raugi and M. Tucci, “Power-line communications channel estimation
and tracking by a competitive neural network,” IEEE Trans. Consum.
Electron., vol. 52, no. 4, pp. 1213–1219, Nov. 2007.

[18] D. Bueche, P. Corlay, M. Gazalet, F. X. Coudoux, and M. Slachciak,
“Pilot symbol assisted modulation for powerline communications,” in
Proc. IEEE Int. Symp. Ind. Electron., May 2004, pp. 717–720.

[19] D. Bueche, P. Corlay, F. X. Coudoux, M. Gazalet, and
M. Zwingelstein-Colin, “Analysis of the power line channel estimation
error based on comb-type pilot arrangement,” in Proc. IEEE Int. Symp.
Power Line Commun. Appl., Mar./Apr. 2009, pp. 290–295.

[20] J. A. Cortes, A. M. Tonello, and L. Diez, “Comparative analysis of
pilot-based channel estimators for DMT systems over indoor power-
line channels,” in Proc. IEEE Int. Symp. Power Line Commun. Appl.,
Mar. 2007, pp. 372–377.

[21] Y. H. Kim, “Multipath parameter estimation for PLC channels using
the GEESE algorithm,” IEEE Trans. Power Del., vol. 25, no. 4,
pp. 2339–2345, Oct. 2010.

[22] A. Mehboob, L. Zhang, J. Khangosstar, and K. Suwunnapuk, “Joint
channel and impulsive noise estimation for OFDM based power line
communication systems using compressed sensing,” in Proc. 17th IEEE
Int. Symp. Power Line Commun. Appl., Mar. 2013, pp. 203–208.

[23] M. Zimmermann and K. Dostert, “A multipath model for the pow-
erline channel,” IEEE Trans. Commun., vol. 50, no. 4, pp. 553–559,
Apr. 2002.

[24] M. Vetterli, P. Marziliano, and T. Blu, “Sampling signals with finite
rate of innovation,” IEEE Trans. Signal Process., vol. 50, no. 6,
pp. 1417–1428, Jun. 2002.

[25] M. E. Tipping, “Sparse Bayesian learning and the relevance vector
machine,” J. Mach. Learn. Res., vol. 1, pp. 211–244, Jan. 2001.

[26] D. P. Wipf and B. D. Rao, “Sparse Bayesian learning for basis selec-
tion,” IEEE Trans. Signal Process., vol. 52, no. 8, pp. 2153–2164,
Aug. 2004.

[27] D. P. Wipf and B. D. Rao, “An empirical Bayesian strategy for solving
the simultaneous sparse approximation problem,” IEEE Trans. Signal
Process., vol. 55, no. 7, pp. 3704–3716, Jul. 2007.

[28] Z. Zhang and B. D. Rao, “Extension of SBL algorithms for the recovery
of block sparse signals with intra-block correlation,” IEEE Trans. Signal
Process., vol. 61, no. 8, pp. 2009–2015, Apr. 2013.

[29] A. M. Tonello and F. Versolatto, “Bottom-up statistical PLC channel
modeling—Part I: Random topology model and efficient transfer func-
tion computation,” IEEE Trans. Power Del., vol. 26, no. 2, pp. 891–898,
Apr. 2011.

[30] A. M. Tonello and F. Versolatto, “Bottom-up statistical PLC channel
modeling—Part II: Inferring the statistics,” IEEE Trans. Power Del.,
vol. 25, no. 4, pp. 2356–2363, Oct. 2010.

[31] S. Galli and T. C. Banwell, “A deterministic frequency-domain model for
the indoor power line transfer function,” IEEE J. Sel. Areas Commun.,
vol. 24, no. 7, pp. 1304–1316, Jul. 2006.

[32] J. Yoo and S. Choe, “Performance of space–time–frequency coding over
indoor power line channels,” IEEE Trans. Commun., vol. 62, no. 9,
pp. 3326–3335, Sep. 2014.

[33] R. Hashmat, P. Pagani, A. Zeddam, and T. Chonavel, “MIMO com-
munications for inhome PLC networks: Measurements and results up
to 100 MHz,” in Proc. IEEE Int. Symp. Power Line Commun. Appl.,
Mar. 2010, pp. 120–124.

Authorized licensed use limited to: Xiamen University. Downloaded on January 13,2021 at 06:45:08 UTC from IEEE Xplore.  Restrictions apply. 



2032 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 34, NO. 7, JULY 2016

[34] R. Hashmat, P. Pagani, A. Zeddam, and T. Chonavel, “A channel
model for multiple input multiple output in-home power line networks,”
in Proc. IEEE Int. Symp. Power Line Commun. Appl., Mar. 2011,
pp. 35–41.
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