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Abstract. Noises in the PLCPLC) systems are too severe. In the paper, we proposed a new method
to mitigate such noises based on the principal components analyses(PCA). There are 4 steps in this
algorithm. Signals generalization is the the first step. the one dimension PLC signal is extended to a
multiple dimensions signals. In the second step, the new signals are decorrelated by adding the
white noises. For such the uncorrelated data set in the transformed domain, we use the PCA
technology to mitigate noises. The useful PLC signals can be recovered with applying the inverse
transform matrix as the forth step. We verify this algorithm by the simulations.

Introduction

In China, a significant amount of pollution gas emissions was produce by the conventional power
systems[1-7]. Ti reduce such emissions, smart grids are proposed. The essential part of smart grid
IS a communication infrastructure with two-way communications. One of the promising
technologies is the Power line communication (PLC). The PLC could be used in smart grids.

Principal component analysis (PCA) is considered as one of the most valuable applied linear
algebra’s results. A path is provided with the PCA to transform a complex data set to a lower
dimension. With such transformation, the hidden information can be revealed and thus we can
obtain the dynamics on the simplified construction. Therefore, it is often used in data set analyses,
not in signal processing. Until now, there is no paper to discuss the application of PCA to noise
reduction in seismic data processing.

In the paper, random noises are mitigated by the proposed new algorithm with the concept of
PCA . In this method, the received PLC signals are transformed to a linear of signal components,
spanned bythe received signal’s covariance matrix’s eigenvectors. In such domain, signals of
interesting are with greater powers than random noises, and powers of random noises, therefore,
can be forced to be zero. By doing so, random noises can be mitigated greatly in the time domain.
At the same time, we evaluate the performance of the noise mitigation scheme based on the PCA
technology in seismic signal processing applications.

Fundamentals of the Principal Components Analyses

In the PLC systems, the signals can be expressed as a matrix with mxndimensions, where the n
columns are the samples (e.g. observations) and the m rows are the variables. We wish to linearly
transform this matrix, Xinto another matrix, Y, also of dimension mxn so that for some mxm,
P,

Y =PX (1)
This equation represents a change of basis. If we rewrite Pas P’ =[p},p§,---,pﬂ, where p/ isthe

i" row vector of P, and X as X=[x,x,,--,x,], then Eq.1 can be interpreted in the following
way,

Copyright © 2017, the Authors. Published by Atlantis Press.

This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-nc/4.0/). 374



ATLANTIS . .
PRESS Advances in Intelligent Systems Research, volume 156

Y =PX = pf (X, %, o Py (2)

| Pm
and it can be expressed further as

| P1Xy p1X2 o PeXy
v=px=| P20 P P 3)
7me1 pmxz  PmXy

We can note the form of each column of Y, y, as

P1X;
X:
y,= P2 (4)
mei
We found that the coefficient of y, is a dot product of x, with the corresponding row in P. In

other words, p;x; is just the standard Euclidean inner (dot) product for p;,x; eR™. This tells us

that the original data, X is being projected on to the rows of P. Thus, the rows of P,
{P1.Py.-++p, | are a new basis for representing the columns of X.

Until now, there is no rule to define the transformation matrix P, however, the PCA method use
some tricks. In such method, the matrix P is selected to be a matrix where each row p, is an

eigenvector of XX" . For a positive definite or positive semi-definite matrix, like covariance matrix
XX, we have the following results:

Sy =XX" =EDE' (5)
where Eis an mxm orthogonal matrix whose columns are the orthogonal eigenvectors of XX,
and D is a diagonal matrix which has the eigenvalues of XX" as its (diagonal) entries.

Therefore, by the mentioned selection,

P=E' (6)
Substituting Eq.6 into the covariance matrix S, =YY", we have

S, =[PX][PX]" =PXX"P" =E"[EDE" [E=D (7)

For Eq.7, there is a important assumption in the PCA method. The new variables are in the
new basis space {p,.p,.--.p,] Ath the same times, these new variables are as uncorrelated as

possible, but with powers as large as possible. It means that covariances of different variables in
the covariance matrix S, , should be as close to zero as possible, with variances as large as possible.

The Proposed Noise Mitigation Based on PCA

From the definitions of PCA, we can see that the PCA can get the principal components of the
data X, corresponding to the eigenvalues of the matrix XX" . Thus, its most common use is as the
first step in trying to analyze large data sets, such as dimension reduction, blind source separation,
and data compression. When applying it to de-noising, the used data are often graphics, that is to
see the data is with two dimensions at least. Until now, there is no paper to discuss the application
of PCA to seismic signals de-noising. The reason is that signals with one dimension, such as
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seismic signal x(t),is without eigenvectors and thus the transform matrix P can’t be formalized

according to Eq.efEq.transform.
In the paper, we proposed a new scheme to mitigate random noises based on PCA in noisy
seismic signals. Suppose the noisy seismic signal y,(t) as:

Yo (t)=x(t)+no (t) C)
where x(t)is the seismic signal of interesting, and n,(t) is random noise at time t. The discrete
versions of such signal are as follows with sample interval A :

Yo(k)=x(k)+mo(k) ~ k=0L-K-1 9)
where K is the time length of signal in discrete version. Therefore, the discrete seismic signal can be
expressed in the form of column vector:

Yo (1) X(L)+1o (1) (10)

Yo(K-1)| |x(K-1)+ny(K-1)
In order to use PCA, we generalized the column vector y, toanew data matrix Y first:

YZ[YO Y1 yL—l] (11)
where L is the number of the generalization, and can also be called signal generalization

dimension D 1N the paper. For the I generalized noisy signal 'y, , it can be expressed as:
Y, (O)
1
Yi = yl;( )
yi (K-1)

12
x(0)+n; (0)+ny(0) o

x(1)+n (1)+ny (1)

X(K=1)+n (K-1)+ny(K-1)
wheren, (k),k=0,1---,K-1 is the random noise at t=(k-1)A in the I" generalized noisy signal
y, . Because n, (k),k=01--,K-1 isarandom process, it has the following properties:

E[n (k)]=0
of,for j=I and q= 13
E[n,(k)nj(q)]:{ 2 for j=I and q=k (13)

0, else
where E[e] is mathematical expectation operator, and o is the variance(or power) of the random
noise n, (k). This step is called signal whitening in the paper. Signal whitening can represent the
original signal y,(k) with one dimension as a data set Y , where all of the new
signals(corresponding to column vectors) are uncorrelated with the original signal y, (k). Thus, the
I column of the data set Y is with the seismic signal of interesting x(k) and the random noise
n(k)=ny(k)+n (k).
In the next step, PCA is applied to data set Y, and we have

Z=PY (14)
with
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Py
p| P2 (15)

Pk
where, each row vector p, is the k™ eigenvector of YYT. At the same time, p, is placed in
descending order of the corresponding eigenvalues of YY®™T . Thus, p, is corresponding to the
largest eigenvalue of YYT.

In the third step, we select the previous D
a new transform matrix P,

reco *

row vectors of transform matrix P to formalize

reco

Py |

P, |

- (16)

reco —

pD,m_;
In this matrix, the row vectors correspond to D, largest eigenvalues in the original matrix P.
Such D, largest eigenvalues are considered as the powers of the generalized signal of
interesting, x(k),k=0,1---,K-1. After getting transforming matrix P, , we have

reco !

—PooY (17)

Z reco reco

In order to get the seismic signals of interesting, we apply the inverse matrix of P t0 Z

reco reco *

X=P. . Z (18)

reco“—reco

Applications of the Proposed Method

Strong inferences can be found in received OFDM signals, and such system with noises can be
modeled as the Doppler signals. Separation of the noises and the signals are becoming a very
difficult task only in time domain or in frequency domain.

In the paper, a new method is proposed to separate the OFDM signals and the noises with the
concept of PCA. The bit-error-rate (BER) concept is used to evaluate the performance of the new
algorithm. We use this new method for the simulation signals and the real measurements. For
simulations data, the used block diagram of the OFDM system is shown in Fig. 1, and the
simulated OFDM signal x(t) can be expressed as follows:

X(t)= 53 X, [l (19)

whereT,, is the I OFDM symbol X, duration, and N is the number of the sub-carrier in

sym

OFDM system with sub-carrier frequency f, =%.

The IEEE P1901.2 standard is used to simulate the PLC signals. The frequency range is from
35.9-487.5kHz, and the sampling frequency is setto 1.2MHz. there are 256 sub-carriers to transmit
the data. Thirty bits are inserted into the OFDM symbol as cyclic prefix with the duration of 25us,
while 22 bits as the effective cyclic prefix with the duration of 18.3us. The sub-carrier spacing is
4.6875kHz , therefore, the OFDM symbol duration is 237.1uzs. QAM modulation is selected with
constellation size 16.

Fig. 1 shows the BER performance. There is a great performance improvement because of the
noise mitigation. The influences by the heavy noises are reduced significantly. When the SNRs are
low, there are 1~2 orders BER improvement. When the SNRs are very high, there will be 3
orders BER improvement. For example, if the SNR is about 8dB, the BERs are about 10 and
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10~ for without interference mitigation and with mitigation, respectively. If the SNR is about
18dB | the BERs are about 10 and 10°°, respectively.
We also applied the proposed scheme to the measurements data. The BER is improved from

about 107 toabout 107°. The improvement is significantly.
BER performance

10 - _ == N
=g without mitigation
a -8 with proposed mitigation 1
10_ 1 I i i i
0 5 10 15 20 25 30
SNR [dB]

Figure 1. BER PERFORMANCES FOR THE PROPOSED METHOD

Conclusions

The heavy random noises are founded in the PLC channels, and such noises are with the
overlapping frequencies because the PLC signals are also modulated on such frequencies. The PLC
systems can not work well when the inferences are strong. In order to mitigate such inferences, we
introduced the PCA transform to the OFDM signals processing. There are 4 steps in this algorithm.
Signals generalization is the the first step. the one dimension PLC signal is extended to a multiple
dimensions signals. In the second step, the new signals are decorrelated by adding the white noises.
For such the uncorrelated data set in the transformed domain, we use the PCA technology to
mitigate noises. The useful PLC signals can be recovered with applying the inverse transform
matrix as the forth step. We verify this algorithm by the simulations.
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