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1 | INTRODUCTION

Abstract

To enable message transmission among sensors and equipment, power line
communication (PLC) is a widely adopted smart grid. However, due to the occurrence
of impulsive noise (IN), reliable transmissions over PLC channels in the smart grid
are challenging. Therefore, in this paper, we propose an adaptive noise mitigation
scheme to clip the IN with the sliding window-based method, where the altitude of
the received signal in the current time slots is obtained by computing the average
altitude of signals in the previous and next time slots. To detect the states of IN and
dynamically estimate the power threshold of signals for the IN mitigation scheme,
we develop an intelligent algorithm based on the long short-term memory network.
To prevent the useful signals from being eliminated as IN signals, we propose the
accelerated proximal gradient method (APGM) based on tone reservation to reduce
the peak-to-average power ratio (PAPR) for the transmitting signals with low
computational complexity. In addition, the closed-form expression of the bit error rate
(BER) is derived for the proposed sliding window-based IN mitigation scheme
according to the probability density function of the IN. Simulation results demonstrate
that the proposed IN mitigation scheme achieves a better BER performance than
the conventional IN mitigation schemes. In addition, the APGM aided by IN mitigation

can further improve BER performance due to the PAPR reduction.
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IN in comparison with the single carrier modulation.> Nevertheless,
when the power of IN exceeds a given threshold, the performance

Due to many advantages such as ease of use, cost-efficiency, and
simple installations, power line communications (PLCs) have become
a competitive communication technology adopted in smart grids.
However, impulsive noise (IN) leads to severe performance deterio-
ration, which can have a negative impact on the transmission quality
over the PLC channel.}™® Recently, orthogonal frequency division
multiplexing (OFDM)* has been found to be effective in resisting the

of OFDM-based systems, such as the symbol error rate (SER), for
example, degrades rapidly.®

Significant recent research efforts have been made toward
mitigating the IN in OFDM-based systems to reduce the high SER.
An initial attempt to reduce the adverse effect caused by IN is the
blanking approach proposed by Zhidkov,” where the received signals

with power larger than the specified threshold are set as null. Since this
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approach is very simple to implement to improve performance, it
has been widely adopted in practical applications. In addition, the
clipping method is proposed to remove the IN with an adaptive filter,
with which the power of the output signals can be limited to a range
when the power of the input signals exceeds the supported range.®
Moreover, some researchers have proposed the hybrid blanking and
clipping method with two thresholds: one for blanking and the other for
clipping.? If the amplitude of received signals is larger than the blanking
threshold, the blanking preprocessor sets the signal to zero. The
clipping method is also used to process the signals with the amplitude
between the blanking and clipping thresholds.'®! Subsequently,
nonlinear preprocessors combining the aforementioned approaches,
that is, blanking, clipping, or hybrid blanking and clipping, have been
proposed.” However, these IN mitigation approaches are designed
based on the selected threshold with a fixed value, which cannot be
effectively used to cope with the IN with dynamic peak power.

To remove the IN with dynamic peak power, an effective method
is used to estimate the power thresholds of the IN and then use the
adaptive approach to mitigate the noise according to the estimated
thresholds. Inspired by this idea, the dynamic peak-aided threshold
estimation (DPTE)*? has been introduced in OFDM-based systems
to blank the IN signals with the optimal blanking threshold (OBT).
Similar to the DPTE, the quasi-optimal thresholds for practical
nonlinearity preprocessors adopting the blanking and clipping
methods are calculated.*® In addition, an adaptive impulse mitigation
system based on the Neyman-Pearson criterion has been proposed*
to estimate the power threshold for highly and weakly disturbed
environments. Although the DPTE can dynamically mitigate IN with
different power thresholds, useful signals may be eliminated as noise
signals due to their close-to-peak power values.

A solution to protect useful signals from being eliminated is the
peak-to-average power ratio (PAPR) compression for the transmitted
signals, which has been shown to be an effective way to reduce the
false alarm detection of the IN and SER.*>"” For example, a selective
mapping (SLM) scheme!® has been proposed to reduce PAPR
for OFDM-based systems. Unfortunately, the method may cause
inefficient spectrum usage. In this case, the partial transmission
sequence (PTS) has been introduced in OFDM-based systems to
compress the PAPR of signals.*® Experimental results show that the
SLM- and PTS-based schemes can effectively improve the SER
performance by reducing the PAPR, which, however, distorts the
transmitting signals. To avoid the signal distortion, a tone reservation
(TR)-based method?’ has been proposed as a simple and efficient way to
compress the PAPR without the requirement of side information. In
general, the schemes aided by TR-clipping compress the PAPR by
selecting a peak reduction tone (PRT) set and searching the optimal
threshold for signals, which requires considerable computational
complexity. The complexity of the iterative algorithm used to find the
optimal PRTs for the TR clipping scheme by solving a quadratically-
constrained quadratic program (QCQP) is very high.?° Therefore, seeking
the optimal threshold and reducing the complexity are crucial for the TR
algorithm design. To reduce the complexity, we propose an accelerated
proximal gradient method (APGM) to solve the optimal problem. By

fopon rccesy

using PAPR reduction, the dynamic range of the signal power can be
effectively controlled,?* which helps to minimize the IN impact. In this
way, better performance of the communication systems can be achieved
by using PAPR reduction, which reduces the false alarms caused by IN.

Recently, the PAPR-suppression method has been combined with
DPTE to cancel the IN as the received power of useful signals is often
larger than the selected threshold. For instance, the DPTE-PTS
algorithm?? has been proposed to improve the performance according
to the probability of blanking error, missed blanking, and successful
detection. In this method, the DPTE estimates the OBT of IN with the
signals' PAPR, accomplished by exploiting a look-up table-based
algorithm with uniform quantization. Moreover, the performance of
the system with the DPTE-PTS algorithm?? is analyzed by deriving the
closed-form expressions for the SER and output signal-to-noise (SNR).
The DPTE schemes heavily depend on the recognition of IN with a
dynamic nature in practical communication systems, where the
performance degrades as an IN recognition algorithm with a low
detection rate is adopted. Therefore, the recognition scheme with a
high detection rate on IN with an imprecise model is challenging.

In this paper, we first model the IN following a random process,
where the current state can be estimated by the previous states.
Then, an intelligent IN detection method is developed by adopting
the long short-term memory (LSTM) network. By specifying the
thresholds for different IN states that can be identified with LSTM,
we design the mitigation method to process the IN. The closed-form
expression of BER for the system is derived based on the proposed
algorithm with an adaptive IN mitigation (AINM) scheme. Moreover,
the APGM-based TR-clipping algorithm is developed to suppress the
PAPR, which can reduce the bit error rate (BER) for the system with
low computational complexity. In particular, the threefold contribu-

tions are summarized below.

e By modeling the IN as a random process whose current state can
be estimated by the previous states, we propose an intelligent
IN recognition algorithm with LSTM networks. Aided by the IN
recognizing algorithm, we develop an AINM algorithm according
to the selected thresholds for different system states.

e We propose a window-slipping scheme to clip the IN, which
estimates the signal envelope with the amplitude of adjacent
signals rather than with a filter. Furthermore, we derive the
closed-form expression of the BER for the AINM-based system
with the window-slipping scheme.

e To protect useful signals from being removed, the APGM is
developed to reduce the PAPR based on the TR clipping scheme,
which can suppress the PAPR with much lower computational
complexity. Simulation results show that the proposed algorithm
can significantly reduce the BER when adopting the IN mitigation
aided by LSTM networks.

The remainder of this paper is organized as follows. In Section 2,
the typical system with PLC based on OFDM is described. In
Section 3, we use the LSTM to recognize the IN state and the
window-slipping scheme is designed to clip the IN. In Section 4, the
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APGM-based TR-clipping algorithm is used to suppress the PAPR.
Based on the results of IN recognition, an IN mitigation algorithm is
presented. Furthermore, the closed-form expression of the BER for
the system is derived. In Section 5, numerical results are presented to
demonstrate the performance of the proposed algorithms. Finally,
Section 6 concludes the paper.

2 | SYSTEM MODEL

In this section, we present a model of the OFDM PLC communication
channel, as shown in Figure 1. The input signals are modulated
with 16-QAM and then passed through an OFDM modulator.
In the OFDM PLC system, multiple subcarriers are used for data
transmission, which alleviates the influence of IN and thus improves
the robustness. Even if the power of IN signals exceeds a certain
threshold, the performance degradation of the OFDM system is less
than that of a single-carrier system, since the power of the IN signal
can be dispersed over multiple subcarriers. Thus, the time domain

signal u(t) produced by the OFDM modulator can be written as

j2nkt

q K1
ut)=—=y sxe s, 0<t<T, ()
K k=0

where K is the number of subcarriers, sk is the input QAM symbols,
T; is the active symbol interval, and T, is the symbol period.

We chose the vector OFDM as the modulation scheme to
combine the efficiency of OFDM with the flexibility of vector
modulation, thus providing reliable communication for the channel
under harsh conditions.!” By dividing the bit stream into smaller
parts, we can effectively mitigate noise and interference signals for
the communication system, which improves the system performance
and reduces the BER.
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: u
: ZII
| A s s e >
Xng S uD X,
- 1 —
e B e O = > TR
' K-1
S( ~1) 7"
1 (V= (-1)
L N8 e s
: K-l
BLock TR-based
¢ Partition PAPR Reduction

The transmitted information bits need to be partitioned. The
information bits transmitted to the nth port X, are first partitioned into
V disjoint subblocks X, = [S©, s, .., sW . sV-1 v=0,1,..,V - 1.
As the number of subcarriers of the OFDM scheme is K, vector $% can
be further expressed as [Sﬁ,f)o, quv)i Sﬁ,‘”k qu",}(_i], k=0,1,..,K-1.
As a crucial step for the OFDM scheme, the inverse fast Fourier
transform (IFFT) is applied on these subblocks X, to generate blocks
defined as u”). Then, the PAPR reduction algorithm is used to reduce
the amplitude for u™ such that the amplitude of transmitted signal x,, is
decreased.

By adopting TR-based PAPR reduction, u are combined as x, to
be transmitted via the PLC channel. In these systems, IN is an adverse
factor for transmitting signals, which, however, frequently appears
in PLC systems. For example, in the information systems used for the
power grid, PLC is commonly adopted to convey the control orders,
where different numbers of switches are dynamically turned on/off
and thus the impulse noise is generated.

In this paper, we utilize the number of impulses (Nol) of one slot
as the indicator to distinguish among the system states. Generally,
in practical systems, the Nols are non-independent of those of the
previous time slots.?* Let us take a building with a constant number of
switches as an example. When different numbers of these switches
are dynamically turned on/off, different numbers of impulses are
generated. The number of switches turned on/off in a time slot is
predictable according to the number of switchers turned on/off in the
previous time slots. As a result, the Nol of the current time slot is
relevant to the Nols of the previous time slots. Let us take the IN
generated from the beeping of vehicles in traffic systems as an
example. For one intersection, the occurrence of a beep for one
vehicle can be estimated by the beeping of previous vehicles. Figure 2
shows an information system for a power grid with multiple states,
where the Nol depends on the Nol in previous states. We note that

the Nol for each time slot is not necessarily the same. However, the
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FIGURE 1 The impulsive noise (IN) mitigation model used for power line communication channels, where X, is the input 16-QAM symbol
transmitted to the nth port, u™(v = 0, ..., V - 1) is the signal in time domain after the inverse fast Fourier transform transformation, z, is noise
independent of the signal x, and r, is the received signal from the nth port, y, is the output signal of the IN mitigation, and X, is the output of
the IN mitigation system. FFT, fast Fourier transform; LSTM, long short-term memory.
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FIGURE 2 Occurrence modes of the impulsive noises, where m is the state index, Ts; is the tth time duration of the time slot for a system
state, and Ty is the time duration for transmitting N symbols (45%, 70%, and 55% denotes the state transfer probability). AWGN, additive

white Gaussian noise.

probability that m impulses occur can be obtained. Due to the variance
of Nol in different time slots, we use m to represent the Nol in one
time slot in the PLC system, that is, m =2, 3, and 4. Since the Nol in
the current time slot depends on previous time slots, there exists a
transition probability for Nol in different time slots. For example, if the
Nol in the current time is 3, the probability of the event that the Nol is
4 in the next time slot is 45%.

Upon receiving the signal r,,, the receiver can recognize the system
state for each time slot with an LSTM network. In addition, one system
state corresponds to a specified threshold for the noise mitigation
processor. As a result, we can dynamically select thresholds to remove
IN according to the detection results from LSTM networks. Later on,
the IN mitigation generates the output signal y,. Finally, the IFFT is
applied on y, to obtain the received signal X,,.

Since a PLC subchannel is subject to the mixture of the thermal
and INs that are independent,?® the Bernoulli-Gaussian (BG) model

can be adopted as the noise model for PLC channels, which is
Zy =Ny + g XN (2)

where n, and n; are Gaussian random variables with zero mean and

2

¢ and 0,2, respectively, and ng is a Bernoulli random

variances o
sequence with parameter g, which represents the probability that the
m pulses are generated in the time slot.

The variance of the PLC channel noise o, can be further

formulated as

o} =E(n}) + E(ng) x E(nf) @)
=0} + qof

Since V subchannels are assumed to be interference-free with

each other, the noises in subchannels are independent and identical.

Thus, we have 0 = g9 = ---= 0, = ---= Oy-1.

3 | IN MITIGATION

In this section, we design an adaptive noise mitigating processor
(ANMP) to mitigate IN, where the LSTM is adopted to dynamically
recognize the state of IN, and a slipping-window-based clipping

method is designed to eliminate the detected noise.

3.1 | LSTM-based IN detection
Since the machine learning-based method can adaptively find the
optimal power threshold for the IN mitigation without requiring

¢ we adopt the machine learning-

experience on the PLC systems,?
based method, that is, LSTM, to recognize the state of a PLC system
to dynamically determine the power threshold. To eliminate the IN,
we first develop an LSTM network to estimate states for the system
with IN; as such, the dynamical amplitude thresholds, used as
the key parameter in AINM, can be specified for each state. Since
the LSTM neural network is a recurrent neural network architecture
and thus can be applied for the prediction of time series, it is
suitable to predict the state for PLC systems with IN, as described in
Figure 3.%7

As shown in Figure 3, we design the LSTM network with a
three-layer structure, that is, an input hidden layer, an LSTM cell
layer, and an output hidden layer. In the LSTM cell layer, an LSTM
cell consists of multiple cells, including an input gate, a forgetting
gate, and an output gate. Containing different neural networks,
these three gates can be responsible for forgetting, remembering,
and updating data, respectively.?® In particular, the forgetting gate,
defined as f for the tth time slot, is used to discard selectively
historical information. The input and output gates, represented
by i and h®), respectively, are responsible for the data input
and result output. In addition, these gates are composed of two
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FIGURE 3 A typical structure of the long short-term memory (LSTM), where o () and tanh (-) are the active functions, f) is the forgetting
gate, i) is the input gate, and h® is the output gate. o), a), and C®) are temporary variables.

neurons, defined as o(-) and tanh(:), which are used to train and
detect the input data. We select the active function for the two

neurons as?’

1
O(X) = m (4)
and
eX — X
tanh(x) = m, (5)

where x is a temporary variable.

In the following, we present the LSTM structure to illustrate the
state estimation method. First, given a time slot t, the forgetting gate
is defined as

0 = G(th(t—l) + Upxt) + bf), (6)

where W; and U; are weights, by is the bias, and x® is the input of the
tth slot. With f®, we decide which history information can be
discarded and which information can be used as the input of the next
LSTM cell.

Second, we design the input gates, denoted by i) and a®, to

determine the updated information with ht-1 and x®, given by
i = G (WhED + Ux® + by 7
and
a® = tanh(W,ht"0 + U,x® + b,), (8)

where alt) is the updated information from the historical information,
W, U;, W,, and U, are weights and b; and b, are bias. Third, by using a

forgetting gate, the LSTM cell selects the information composed of

the updated useful information, given by

Cct) = ctt-1 o fiO) + ) & g®), 9)

where Ct=1 is the output of the (t - 1) step.
Then, according to the updated cell state, the output gate for the
tth LSTM cell with a o operator is given by

o) = g (Woht=D + Upx® + by), (10)

where W, and U, are weights and b, is the bias.
Finally, after the output gate and the operator on C®, the output
of cell is given by

h® = o) © tanh(C®). (11)

By adopting the LSTM network, we estimate the IN states in the
following four steps. First, we design a data preprocessor to encode
the input data x® as an n-dimensional vector, where n is determined
based on the number of events and the size of the input sequence.
Second, x is fed into LSTM cells to generate outputs. Third, the
LSTM layer is followed by a full-connected layer to generate a single
output. Finally, the softmax function is adopted to estimate system
states. In this paper, we adopt the back-propagation algorithm
along with the Adam optimization algorithm as the optimizer.>° To
estimate the degree of inconsistency between the truth vector y and
the predicted vector y, we use the cross-entropy function to measure
the system loss.®13? Note that LSTM can be treated as a recurrent
neural network, being capable of learning both long- and short-term
dependencies of data.?” Hence, we predict the next state for the IN
interarrival time based on the past 30 interarrival times, which are

used as the look-back time steps.
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3.2 | Sliding window-based IN mitigation

According to the detecting results from LSTM, we select amplitude
thresholds, denoted as T;, where | represents the noise level. In this
paper, each noise level corresponds to a system state, as stated in
Section 2. Moreover, we use two events to describe the received signals.
The first event, denoted by Dy, indicates that the amplitude of the
received signals is between O and T,. If Dy occurs, we consider that there
does not exist IN in the time slot. In this case, it is not necessary to
process the received signals. Otherwise, the event D, indicates that the
amplitude of received signals is larger than T;, which means that the
received signals are affected by IN. When D, occurs, the received signals
are clipped to be normal signals with an amplitude smaller than T,.

In the process of clipping noise, the signal with maximum
amplitude y, is selected from the input signals of the ANMP
Yos .- YN-1, €Xpressed as arg(y,). In this paper, we propose the use of
a sliding window-based method to mitigate the IN, and thus the
window is defined as the precious time slot, the current time
slot, and the next slot. In this case, the altitude of the signal in the
current time slot can be obtained by calculating the average altitude of
the signals received in the previous and the next time slots. Then, the

output signal y;, for the tth time slot of the ANMP can be expressed as

Il < T,

I'n,
Yn =\ -1+ t+1 (12)
2 s Il > T,

where 1,1 and r, .1 are the received signals from the nth port for
the (t - 1)th and (t + 1)th time slot, respectively.
From Figure 1, the output signal y, can also be expressed as>3

Yn= A 'Xn + Zy, (13)

where " is a scaling factor and z, is the noise. Since z, is independent
of the signals, E[z,x}] = 0, where E[] is the expectation operator and
Xy is the conjugate of xp.

A in Equation (13) is given by

_Elwxp) _ 1 .
A = Ep) 2]E(y,qxn). (14)

According to Equations (12) and (13), we present the closed-form
expression for the output SNR of the ANMP with Theorem 1.

Theorem 1. Given an OFDM channel subject to the combination
of impulsive and Gaussian noises, the output SNR p for the ANMP is
given by

Pt . )*
o =[_;;2 - 1) , (15)

where P, is the output signal power of the ANMP, given by (16) as

Pout = 2(1+ 02 + po?) (16)

fopon rccesy

and the scaling factor 4 is given by

2 - 2
a=1-—T 1 pe 2t
2(1+02)
. 17
LS 2(1+<7L20+0,2)

_2(1 +02+ G‘Z)ZPE

where o2 is the power of the AWGN, o7 is the IN power, p is the IN
occurrence probability, and T is the maximum allowable tone
amplitude.

Proof. See Appendix A.
According to Equation (15), we derive the closed-form expression

for SER of the proposed system as

2
ca 1o L 30
Pser = 1 [1 2(1 JW]Q( =" ]] , (18)

where w is the constellation order and Q(:) is the tight-tailed
function. Since in the w-QAM, each symbol can be carried by log, w
bits, the closed-form of BER is given by

1= (1-2(1- 2o 2))

loga(w)

2
(19)

Pger =

Based on Equation (19), let ry be 2(1 - (%)) r belogs(w), and rp

be % then, we have

1-(1-nQ(rp)f

n

(20)

Pger =

According to Equation (20), since Q(:) is a monotonically

decreasing function, as p increases, Q(\/rzp) decreases and thus

1-(1-roQ(Jr2p)Y?

n decreases. BER decreases with an increase of p.

4 | TR-BASED PAPR REDUCTION

To protect the useful signals from being mitigated, we use the TR
scheme!? to compress signals, where the optimal PRTs of OFDM
signals are found to minimize the PAPR. In the TR scheme, tones with
low power are reserved to generate the peak reduction signals, and
thus the PAPR of original OFDM signals can be reduced. Generally,
QCQP can be used to find the optimal PRTs,2° which, however, is
complicated due to the adoption of the iterations to solve the optimal
problem. To reduce the computational complexity, we propose a TR-
based APGM to reduce the PAPR of signals.
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4.1 | PAPR formulation

In the OFDM system, we let the number of sub-carriers be K, and

thus, the transmitted OFDM block is expressed as
X = [Xo, X1, Xp, ..., X-I". (21)
where (-)7 represents the transpose of a matrix.
With the IFFT on X, the transmitted signal in the discrete-time
domain is given by

X = [Xo, X1, X0, eos X175 (22)

where x is the signal in the time domain and J is an oversampling

factor. Combining Equations (21) and (22), we have
x = FX, (23)

where F is an IFFT matrix with JK x K elements, given by

1 j2nrs

NIT3 e K, (24)

Fs=

where F, ¢ is the element at the rth row and the sth column of F.
The PAPR, defined as the ratio of the maximum instantaneous

power to the average power, of x is

lixII2

PAPR(x) = ol ]

(25)

where E[:] is the expectation operator.
Then, we adopt the TR-based PAPR reduction scheme
with R reserved tones. Let the peak reduction signal be D =

[do, d1, do, ..., dk-1]T. The transmitted signal can be rewritten as
X =F(X+D)=x+FD. (26)
Correspondingly, the PAPR of X is

o IR
PAPR(X) = -, 27
=[x 3] 27

To minimize the peak OFDM signal, we formulate the objective
function as

U= mDin [Ix + FD||.o. (28)

where U is the threshold of the compressed PAPR. Therefore, the
optimal PRTs can be determined in a QCQP problem, given by

minU
D

st I +FRDR<T,s=0,1,2 .., JK-1 (29)
IDI =< B,

where f is the maximum amplitude of the peak reduction signal. Thus,
Equation (29) imposes a constraint on D. By adopting the convex
optimization method, Equation (29) can be solved. However, the

computational complexity is ¢(K3), which is overwhelmingly high.

42 | APGM for TR

To reduce the computational complexity, we adopt the APGM to solve
Equation (29). The APGM algorithm converges faster in comparison
with the traditional gradient descent algorithms.>* As a result, the
APGM is frequently used to solve the minimization problem, that is,

main G(a) = g(a) + h(a), (30)

where G (a) is the objective function and both g(g € #) andh(h € 2 U
{+o}) are closed convex functions. Note that g is differentiable.
To solve (30), we first define a proximal operator. Given a

variable u, the proximal function of u can be expressed as®®
prox,n(u) = arg min (h(a) +1/(2y)lla - uII%), (31)
a

where y is a constant used as the step size of the iteration.
We adopt the iterative method to solve the optimization
problem. Let x and y be temporary variables; then, the iterative

operator for the jth step is
yitl=x + wi(x - xi-1), (32)
and
Xt = prox,i,(yi*! - yivg (yi*h), (33)
where w/ € [0, 1) is an accelerating factor and Vg (y) is the gradient of g.
To design the TR-based APGM algorithm, we transform Equation

(29) according to Equations (28)-(33) into

min plix + FD IZ + 11D I3, (34)

where p is determined from B according to Equation (29).
We replace x + FD with z for simplicity, and then Equation (34) is
rewritten as

min pllz|lZ + IF7z - X |B. (35)
z

Then, we first calculate a minimal Lipschitz factor L based
on Vg(z) to solve Equation (35), where g(z) = [[F*z - X|3 and (-}
represents the conjugate transpose of a matrix.>® A simple linear
searching method will be developed in this paper to evaluate the step

factor v/, where the proximal factor is

proxyn(u) = arg min (uIIZIIi +1/2y)llz - uu%), (36)
z
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and u = yi*1 - yvg(yi*l).

4.3 | TR-based APGM algorithm
The proposed TR-based APGM algorithm is depicted in Algorithm 1. In
addition, Algorithm 2 is designed to calculate the proximal factor with TR

according to Equations (32) and (33) for Algorithm 1, as shown in line 4.

Algorithm 1. TR-based APGM Algorithm

Require: xJ, yi, yi-1 and parameter w < (0, 1);
1:y=yit

2: fork=1.2, ..., K do

3:  repeat

4. z=proxy,(y - yvg(y));
5 Y = wy;

6: until g(2) <3, (z,¥)

7: vii=y, xitl:=z;

8: update xi*1, yi*1 yi according to (32) and (33);
9: end for

In algorithm 1, from lines 3 to 6, we seek the optimal solution
defined as z* according to Equation (31) with the selected y. In line 5,

we update the step length. In line 6, g, (x, y) is expressed as
g (x,y) = g(y) + Va(yV (x - y) + 1/(2y)lIx - yIi3, (37)

which ensures the convergence of the algorithm. In lines 7-8, we
update the iterative variables for the next iteration.

Algorithm 2. Proximal Factor Calculating Algorithm

Require: z, u, y;

1: b =z|;

2: Descending order {b} as {s}, set s, = max{s};

3:fori=1,2,..JK do

4 di= Yy Snqo

5: j=maxyi: Spp > m},

6 B=—9_;
vy’

7. ifi<j then

8

9

)
Ungy = B 55

2 )|
else

10: u,,(,-) = Z"(,');
11: end if

12: return u;
13: end for

In Algorithm 2, we first use b to represent the amplitude of the
signals as shown in line 1. Then, in line 2, we seek the maximum
amplitude for each tone. At line 4, we calculate the maximum sum of
the tones, which is used to calculate the amplitude according to
Equation (26). Afterward, in line 5, j is obtained to determine whether
the signal is larger than a selected threshold or not according to
Equation (12). As such, if the signal is larger than the threshold, we

fopon rccesy

use B defined in line 6 to process the signal as shown in line 8.
Otherwise, the signal is unchanged as shown in line 10.

In the following, we present the analysis for the two algorithms
proposed. First, we analyze the complexity for Algorithm 2. The
computational complexity of calculating and sorting b is ¢(JK) and
0K log(JK)), respectively. Moreover, the calculation of j and u
requires ((JK) operations. Since, in general, the complexity of the
dominating operation is used to represent the complexity of an
algorithm, the complexity for Algorithm 2 can be given by
0K log(JK)).

Second, on line 6 in Algorithm 1, we compute g, (x, y) according to
Equation (37), where Vg(y) = F(F”y - X), Vg(y) (x - y), and [Ix - y|}3
in g, (x,y) are processed. Furthermore, the calculation of Vg(y)
involves an IFFT operator defined as F, where the computational
complexity is ©(JK log(JK)). In addition, the calculation of Vg(y) (x - y)
and |Ix - y|i3 involves JK length complex vector multiplication. The
above combined computational complexity of the proposed TR-based
APGM algorithm is ¢((JK log(JK))?2).

5 | NUMERICAL RESULTS

In this section, we present numerical results to evaluate the
effectiveness of the proposed AINM. We build an OFDM-based
communication system with BPSK modulation in the presence of IN.
Furthermore, Tensorflow is used to construct the deep learning
model for IN detection.®” Since the distribution of the received
OFDM signal in case of no IN can be considered Gaussian,
the threshold value is obtained.'® To design the LSTM network, we
set ny =4, n, = 8, and n3 = 10 as the number of neurons in hidden
layers. The training set consists of 100000 symbols randomly
generated according to the Bernoulli-Gaussian distribution by setting
parameters p and 0,2 as different values.

In this paper, we design an AINM method to dynamically mitigate
the IN with a window slipping scheme, where the adjacent signal
amplitude is used to clip the IN by estimating the signal envelope.
To evaluate the performance of the proposed AINM system, we
compare the BER performance of the system under different p,
where p is the occurrence probability of IN. As shown in Figure 4, the
proposed method reduces the impact of IN on BER, and the BER
performance is enhanced with the increase of SNR and the BER
curves degrade when p increases as expected. In addition, Figure 4
shows that the BER of AINM decreases to 10™* when SNR is 10 dB,
which is much better than that without IN mitigation. The system
with the proposed AINM can remove more IN than that without
AINM, which leads to a better BER.

Figure 5 compares the BER between the proposed AINM and
the threshold-based IN mitigation method. We select the method
proposed by Zhidkov’ as the baseline, called the threshold-based
blanking approach, which can remove IN by setting the signals as null
when their power is larger than the specified threshold. We observe
that the proposed AINM can eliminate the IN much better than
the blanking method. For example, when the SNRis 8dB and p = 0.2,
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FIGURE 5 Bit error rate (BER) against signal-to-noise (SNR)
among adaptive impulsive noise mitigation (AINM)-based systems
and IN blanking-based systems with different values of p.

the BER of the system with blanking is around 10 times higher than
that of the system with AINM. The BER decreases about 89.72% for
the AINM system with p = 0.2 and SNR =8 dB and decreases about
87.85% for the system with p = 0.1 and SNR =8 dB. This is because
the LSTM network can use the total history information to
dynamically identify the IN in each time slot; as such, the IN can be
eliminated, resulting in a lower BER. However, the traditional
blanking method can only eliminate the IN with an amplitude larger
than a specific threshold, while those INs with an amplitude lower
than the threshold cannot be mitigated due to the absence of
threshold estimation.

SNR(dB)

FIGURE 6 Bit error rate (BER) for adaptive impulsive noise
mitigation (AINM)-based systems with impulsive noise with different
variances and additive white Gaussian noise.

Figure 6 demonstrates the BER after applying the LSTM-based
AINM versus IN with different variances. The parameters for IN are set
asp = 0.1 and 0,2 as 20, 50, 100, and 200 dB. We can see that after
eliminating the IN with LSTM-based AINM, the BER for those systems
influenced by IN with different variances considerably decreases. As is
known, the variance of IN implies the power of the noise signals. With
the increase in the variance of IN, increasing noise signals cannot be
removed by these mitigation algorithms, thus leading to a high BER.
From Figures 4, 5, and 6, it is clear that BER decreases with the
increase of p, which is consistent with Equation (19).

Figure 7 demonstrates the reduction of PAPR of signals by
adopting different PAPR suppressing methods, such as FISTA-TR,3¢
AAC-TR® AS-TR*” and APGM-TR as the benchmark. FISTA-TR is a
simple and efficient method, and clipping and filtering operations are
not adopted. In AS-TR, two processes are involved to suppress the
peak regrowth of the OFDM signal: clipping in the time domain and
filtering in the frequency. The AAC-TR method involves adaptive
amplitude clipping control, which allows the determination of the
optimal clipping level. In this paper, the complementary cumulative
distribution function (CCDF) is used to evaluate the reduction of PAPR.
For the adaptive scaling algorithms and the adaptive clipped
algorithms, the maximum number of iterations is set as 1000. We
observe that when the value of CCDF is 1074, the PAPR of the original
signal is 12 dB. However, the PAPRs of FISTA-TR, AAC-TR, AS-TR, and
APGM-TR are 5.5, 7.6, 9.6, and 4.2 dB, respectively. Therefore, after
PAPR reduction, the PAPRs of the signals are significantly reduced.
Therefore, the APGM-TR outperforms FISTA-TR, AAC-TR, and AS-TR
in PAPR reduction.

Figure 8 shows the CCDF of the signals with APGM-TR versus
different values of u, given in Equation (36). We can see that as
W increases, the performance of PAPR with APGM improves, which
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FIGURE 8 Complementary cumulative distribution function
(CCDF) against peak-to-average power ratio (PAPR) of accelerated
proximal gradient method (APGM) with different values of p.

means that the original input signals play a more important role than
the reduced peak signals. However, the gap among the PAPR plots
reduces. For example, considering that CCDF is 1074, when p is set as
25, 20, 15, and 10, the corresponding PAPRs are 3.4, 3.6, 4.0, and
4.5dB, where the gaps are 0.2, 0.4, and 0.5dB, respectively. In
addition, the increase of u results in a rapid decrease in the PAPR,
which implies that u plays a more important role in PAPR
compression.

Figure 9 plots SNR against the BER. In this simulation, the OFDM
signals are passed through the LSTM-based AINMs with and without
the APGM PAPR suppression. We notice that noise mitigation can
significantly improve the BER performance when compared to the

10"
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FIGURE 9 Bit error rate (BER) versus signal-to-noise (SNR)
among adaptive IN mitigation (AINM)-based systems with and
without peak-to-average power ratio (PAPR) suppression.

OFDM system without PAPR suppression. For example, when
adopting the PAPR suppressing scheme, the BER of the system with
AINM decreases 57.12% for p = 0.2 and 48.14% for p = 0.1. Since
the signals with power larger than the threshold are mitigated as IN,
the BER of the system without adopting noise mitigation increases
dramatically. Furthermore, in the case of low SNR, the BER of AINM
with PAPR suppression is almost the same and slightly better than
that without PAPR suppression.

6 | CONCLUSIONS

In this paper, we design an AINM method to dynamically mitigate the
IN with a window-slipping scheme, where the adjacent signal
amplitude is used to clip the IN by estimating the signal envelope.
Furthermore, we develop an LSTM-based approach to intelligently
estimate the states for IN by training the data of transmitted signals.
With estimated IN states, we specify the thresholds for the dynamical
IN, with which the IN can be dynamically mitigated. Then, the closed-
form expression for the output BER of the proposed AINM is derived.
Moreover, we design an APGM-based method to suppress the PAPR
to prevent useful signals from being blanked by the proposed
mitigation scheme. Simulation results reveal that our AINM method
achieves a better BER in comparison with the traditional IN mitigation
schemes, and the proposed APGM can considerably reduce PAPR
with low computational complexity, which further enhances the BER
performance. This work represents the first attempt to reduce pulse
noise on power lines assisted by LSTM and sliding window schemes.
Many interesting directions follow this work deserve further

investigation.
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APPENDIX A
Proof of Theorem 1
According to Equations (13) and (14), the receiving SNR can be

expressed as

o= E(A" - hymXnl?)
E(lyn — 2 hpmXnl?)

-1
Bly?)
202, A7 1] : (A1)

Let Pyt = E(lynl?), and thus, Equation (15) holds.
We then derive the closed-form expression for P,,; and .#". After
passing through the noise mitigation processor, the power of the

output signal is given as

Pout = E(lynl21Do, Ho)Pr(Do, Ho)
+E(lynl2IDo, H1)Pr(Do, Hy)
+E(ynl2D1, Ho)Pr(Dy, Ho)
+BE(lyaPID1, Hy)Pr(Dy, Hy),

(A2)

where Pr(Dg, Ho) is the probability that the event Dy occurs in the Hy
state.

According to Adebisis et al.,*2 the fading amplitude of the PLC
channel is a log-normal distribution. Then, we express the PDF
f(IyallDo, Ho) by defining A, = |y, given as

2

Ay

7€ 2(10), 0<A, <T, (A3)
w

AY
1+o0
0, otherwise

f(AyIDo, Ho) = @

where a is given by
2 -1
y

A

2{1vo8) ga,

T A
a= j;) 1+c7ze

w

(A4)

2\t

1- ei 2(“"5)
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Then, Pr(Do, Ho) is

Pr(Do, Ho) = P(A, < T|Ho)P (Ho)

12

=@-p)1- o 2[red) |

(A5)

Similarly, E(ys/2|Do, Ho) in Equation (A2) can be expressed as

%
T A - 2
B(2IDo, Ho) = a [ A2 e 2(tveE)aa,
1+ 0y,
- (A6)
- 2(1 * 0‘2") B 12

ez(l""‘z") -1
Similarly, it holds that
Pr(D;, Ho) = P(A; > T|Ho)P (Ho)

- (A7)
=(1-pe 2(1+03)

Combining Equations (A6) and (A7), we obtain
Bll2ID, Ho) = 2(1 + 02) + T2 (A8)

Substituting Hy with H; into Equation (A8) and according to
Equations (A5), (A6), (A7), and (A8), Equation (33) holds. Also, .#" can
be obtained as

1
H = EE(Ynmeo, Ho)Pr(Do, Ho)

1
+ EE(YnXmDo, Hy)Pr(Do, Hy)
(A9)

1
+ EE(YnXle, Ho)Pr(Dy, Ho)

1
+ EE(YnXmDL H1)Pr(Dy, Hy).
The first item of Equation (A9) can be handled in a manner similar

to Equation (A2). Then, we have

E(yax3|Do, Ho) = E((X, + wn)x;|Do, Ho)
) N (A10)
= E(|xn|*|Do, Ho) + E(wnx}|Do, Ho).
For simplicity, we define A, = |x,|. To derive E(x,[2|Do, Ho), we
express the PDF of f (|x,||Do, Ho) as

f (A« Pr(DolAy, Ho)

f (A<Do, Ho) = Pr(DolHo)

(A11)

Supposing that A, follows the Rayleigh distribution with the

parameter cr§ = 1, we can obtain the PDF of A, as

2

f(Ax) = Axe_%- (A12)
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Let A, follow a normal distribution with the parameters of,, and
the PDF of A, is

A, Lo
f(A,) = —2e 203, (A13)
g

w

Then, the corresponding cumulative distribution function (CDF)
is expressed as*°
PF(D0|AX, HO) = PF(A,- < Tle, HO)
Ac T (A14)
=1-Q (—X, —]

Oy Ouw

Therefore, Equation (A11) can be written as

I

Ae 2 A T
f (Ax|Do, Ho) = = 2 1-Q [—x, _] . (A15)
- 0y’ Oy
1 - e 2(1+d)

With  Equations (36), (A6), and (A8), we have
Equation (A16).

E(x:IDo, Ho) = [~ AZf (AIDo, Ho)dA,

__ 12 1 2
|1 2 & 2(1+62 PP P i L
_[1 e 2 )J j; Ale 211 Q1[0w,0w] dA,
T2
=21 5
7
2(1+02) e2(1w8) — 1
(A16)

In Equation (A10), w,x}; in the second item on the right-hand side

can be expressed as

wpXh = AcA, cosB - jAA, sin6. (A17)

Then, the expectation of w,x} is given by

E(wnleDO, HO) = E(Awa cos 9|DO, HO)
- JE(A,A,, sin 8|Do, Ho) (A18)
= (A A, cos 0|Dg, Hop).

We let

AZ = AZ + A2 + 2AA,, cos 0, (A19)

and E(A A, cos 0]Dg, Hp) in Equation (A18) can be calculated with

1 1
E(AA, €05 61Do, Ho) = S (AZIDo, Ho) - 51(A21Do, Ho)

- %E(AE)IDO, HO).

(A20)

We define A, = |w,|. To derive E(lwa2|Do, Ho), we express the
PDF of f(lwy||Do, Ho) as

f(Au)Pr(DolAy,, Ho)

f(AylDo, Ho) = Pr(DolHo) , (A21)
where Pr(DglA,,, Ho) is given by
Pr(DolAy,, Ho) = Pr(A, < T|A,, Ho) (A22)

=1-QilAy, T).

According to Equations (A13) and (A5), the PDF of f (Jw,||Do, Ho)
can be computed by

A
%e 203
F(AulDo, Ho) = —2———[1 - Q(Aq, T)]. (A23)

1- e_z(“"LZU)

Furthermore, we obtain Equation (A24) by solving the integral in
Equation (A17).

2 \! 2

IR A2
B(AuIDo, Ho) = |02 - o2 2A8) | [~ A3e 262 [1 - Qu(A,, TIIdA,

0272
2

2(1+ of,)z e2(tvd) _ 1

=202|1 -

(A24)

According to Equation (A14), the first item of Equation (A3) on

the right-hand side can be derived as

0272

i ’
W

E(wnx:IDo, Ho) =-

Next, we focus on the third item on the right-hand side of
Equation (A9), given by

(s D1, Ho )Pr(D1, Ho)
1 1 *
= {EE(lxn—lllel) Ho) + EE(Wn—lxn—l‘Dl, Ho)

1 1
+ 5B (Xp+12D1, Ho) + EE(Wn+1X:+1

Dy, Ho)}Pr(D1, Ho).

(A26)
First, we have
By 11D, Ho) = J A2 (AIDy, Ho)dA,, (A27)
where f (A;|D1, Ho) can be written as
f(AcID1, Ho) = FAPrDulAr, Ho) (A28)

Pr(D4|Ho) '
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where

Pr(D1)As, Ho) = Pr(A, > TIA, Ho)
(A T] (A29)

A
Aez (AT
f(AcIDs, Ho) = ——5— Ql(fx, f]. (A30)
T O, Oy
e 2(1+o3)

Thus, the expectation of (|x,-1]?|D1, Ho) is

E(y-12ID1, Ho) = J | AZF(AIDs, Ho)dA,

2 )1t
) A T
=le 2(“"5’) f A3e’7Q1( ]dAX.
e
(A31)
By solving the integral, we have
T2
E(lXp-1/ID1, Ho) = 2 + ————. (A32)
(1 + cf,)

With the same approach as Equations (A18), (A19), and (A20), we can
derive the second item on the right-hand side of Equation (A26), given by

E(Wn—1xﬁ—1|D1y Ho) = %E(A,Z,lDL Ho)

1 1 (A33)
- 3E(A2IDs, Ho) - 3E(A2ID1, Ho),
where ]E(Aﬁ,IDl, Ho) is calculated as follows:
2T2
E(AﬁlDl, Ho) = 2051 + 0"’72 . (A34)
oo+ )

According to Equations (A8), (A32), and (A34), Equation (A27) can
be calculated as follows:

0272

E(Wn—1xﬁ—1|D1, Ho) = 2(1 2)2-
+02

(A35)

Finally, .# can be derived as Equation (17). This completes
Theorem 1.
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