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Abstract

This paper presents a new anomaly detection scheme based on modified DFT
Adaptive Neural Network (ADALINE) for the determination of time skew er-
ror and frequency drift in the Phasor Measurement Unit (PMU). The modi-
fied DFT/ADALINE algorithm is used to determine time stamp errors and
frequency drift errors through the determination of the change in the phase
angle in terms of the correlation coefficient. The correlation coefficient, d, 4
is used to determine the relationship in the change of the phase angle, A ¢ with
respect to the change in the reporting time, Az Further, the correlation coef-
ficient, Ju, 5 is used to determine the relationship between the change of the
phase angle, Agy with respect to drift in the grid frequency, A£ The parallel
ADALINE algorithms compute the correlation coefficient in the range —1 to
1 from which values of d > 0.8 represent normal correlation and & < 0.799
represents data anomaly in the grid frequency or the reporting time. ADA-
LINE flags the values for J < 0799 only thereby reducing the memory require-
ments of the PMU. The results of PMU/ADALINE simulation in MATLAB/Sim-
ulink, show a smooth system response around the optimal operating point of
49.85 Hz at the maximum correlation coefficient value of 0.9974. It further
shows that the correlation coefficient is above 0.8 for grid frequencies in the
49.55 Hz to 50.45 Hz range, signifying normal control area operating frequen-
cies in accordance with South African Grid System Operation Code. It can
also be seen that a drift in frequency produces a corresponding time error sig-
nifying the relationship between the time skew error and frequency drift with
the phase angle error in the PMU. Correlation coefficient values below 0.8 sig-
nify data Anomalies for the grid frequency outliers ie. corresponding to grid
frequencies below 49.5 Hz and above 50.5 Hz. In conclusion, our proposed
PMU/ADALINE model guarantees enhanced accuracy and precision of meas-
urement devoid of doing a massive process of iteration as it employees deep
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learning Al to compute the correlation coefficient signifying the presence of
time skew and grid frequency error.
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1. Introduction

Phasor Measurement Technology has established itself among the best Intelligent
Electronic Devices (IEDs) for monitoring, protection and control in the power
system. In power systems where Phasor Measurement Technology is deployed, it
has been established that the external clock signal from the Global Positioning
System (GPS) controls timing synchronization of sampled values (SV) and main-
tains the Total Vector Error (TVE) below the 1% threshold [1]. The internal clock
of the Phasor Measurement Unit (PMU) is disciplined by the GPS signal to ensure
accuracy in the sampled values and phase angle estimation. As such, issues relat-
ing to the accuracy of reported time stamps are among the most difficult to detect
and address in Phasor Measurement Technology [2]. In modern power systems,
a data processing algorithm, known as the state estimator, is used to convert re-
dundant measurement data into an accurate estimate of the power grid system.
The state estimator works perfectly in the Supervisory Control and Data Acquisi-
tion (SCADA); a system that is both asynchronous and has a low update rate. In
Wide Area Monitoring, Protection and Control (WAMPAC) systems that are syn-
chronous and have high update rates, the state estimator falls short of providing
accurate SVs. Even small phase shifts can downgrade the performance of the state
estimator, which is an indication of its inability to effectively improve the perfor-
mance of the PMU [3]. GPS is the most popular choice for the time synchroniza-
tion problem as it provides sub 100 nanosecond accuracies, and is often used
where precision time and frequency synchronization is critical [4]. In PMUs
where GPS is used, the Universal Time Reference (UTC) is applied to time stamp
the signal. The phase difference between the UTC reference unit and the sinusoid
is used as the mark of the stamp. A positive phase angle is obtained if the UTC
reference is after the peak sinusoid and a negative phase angle is obtained if the
UTC reference mark is before the peak sinusoid [5]. Synchronization issues be-
tween different PMU devices result from discrepancies in their internal clocks and
their disciplining, that are responsible for generating time stamps for the data [6].
Therefore, alternative sources of time synchronization to the PMU must conform
to the standard set by the GPS.

The Total Vector Error (TVE) provides a measurement standard for the SVs
that can be used to determine the suitability of the time synchronization source.
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It is a measure of steady-state amplitude and phase angle errors. The total vector
error (TVE) combines both magnitude and phase errors since the synchrophasor
measurement errors could be originated from inaccuracy of either the magnitude,
phase, or both [7]. One-cycle Discrete Fourier Transform (DFT) is usually applied
in algorithms that are used to determine the TVE. The DFT algorithm usually has
issues when it is used to estimate TVE of signals with dynamic amplitude and
phase variations [8]. DFT is not robust enough when it encounters certain dis-
turbances such as decaying DC offset. These disturbances can cause undesirable
oscillations and time delay in the DFT results [9]. In cases where the frequency of
the power grid deviates from its nominal value, the raw application of the DFT
approach can lead to large errors during phasor estimation [10]. Numerous im-
provements of the DFT algorithm have been developed to correct the problem of
frequency spectrum deviation over the years. They include Recursive Discrete
Fourier Transform (RDFT), and Non-Recursive Discrete Fourier Transform
(NRDFT) [11]. Non-DFT algorithms have equally been presented in research in-
volving PMUs; they include the full Weighted Least Square (WLS) technique [12],
the Precision Time Protocol (PTP) [13], and the Three-Phase Enhanced Phase-
Locked Loop (EPLL) [10]. Anomaly Detection techniques such as the Long Short-
Term Memory (LSTM) [14], Convolution Neural Networks (CNN) [15], and the
Generative Adversarial Networks (GANs) [16] have equally been presented in lit-
erature to correct errors in dynamic phasor estimation. The Non-DFT algorithms
were designed to enhance accuracy and precision of measurement devoid of doing
a massive process of iteration. In this paper, section 1 carries the introduction of
the work presented. In section 2, basic phasor equations are presented to explain
the time skew error concept. In section 3, a hybrid AI based anomaly detection
and Phase-locked loop architecture for the PMU is presented. In section 4, per-
formance evaluation of the PMU prototype using real time measurement data is

presented. The conclusion of the work is presented in section 5.

2. Related Work

Anomaly detection techniques using artificial intelligence (AI) have been de-
ployed in a number of electrical engineering related works. Mohammed Q. Mo-
hammed ef al [17], used single-class Support Vector Machine (SVM) to detect
data anomalies in wireless networks. The results show that SVM properly detected
and mitigated cybersecurity risks in wireless networks with a precision value of
0.0922.

Shiyuan Wang et al, [18] used Artificial Neural Network (ANN) to investigate
detection and classification, and adaptive condition-awareness high-fidelity meas-
urements in real-time transient stability analysis (TSA). The results show the scheme
produced classification accuracy on multiple classes of prevailing conditions in
the power grid which accordingly improves the measurement quality and attains
promising performance when employed in power system applications using syn-

chrophasor measurements.
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Yuval Abraham Regev et al [19] deployed Long Short Term Memory (LSTM)
and Convolutional Neural Network (CNN) to investigate data anomalies in the
PMU caused by physical faults on the power grid, as well as disturbances, errors,
and cyber-attacks in the cyber area. The investigation was conducted by training
the PMU model using Mean Squared Error (MSE) that heavily punishes the out-
liers in the data set. The results of this investigation show satisfactory results in
the range of 78.79% to 96.89%.

Watit Benjapolakul et al. [20] proposed the development of a PMU prototype
based on the Bagged Averaging of Multiple Linear Regression model, which han-
dles and fulfills the missing values in synchronized frequency data measurement
fast and efficiently. The results show that the model was able to recover missing
PMUs data that is acceptable for many real-time applications and to interpret the
effects of different grid regions to an event using PMUs data.

This research proposes the application of Adaptive Artificial Neural Network
(ADALINE) in the PMU to determine the numerical relationship between time
skew error and vector frequency drift, and phase angle error using the correlation
coefficient. A ADALINE Time and Frequency Algorithm is applied to determine;
the relationship between time skew error and the phase angle error, and also the
relationship between the input vector frequency drift and the phase angle error.
The results show that the model is able to punish frequency outliers, input vector
phase errors above 50°, all through maintaining a correlation coefficient of 0.8

and above.

3. Literature Review

The time skew error is caused by error in the GPS signal or drift in the input vector
frequency and results in phase angle error in the vector output of the PMU. The
output of the PMU is called a synchrophasor. The synchrophasor is defined as “a
phasor calculated from data samples using a standard time signal as the reference
for the measurement” [21]. The GPS provides the reference time signal required
in the creation of a synchrophasor by the PMU.
A. Synchrophasor Determination

The phasor can be represented as either a sine or a cosine function as shown

below
2(t)=Z,sin(ot+¢,) (1)

where Z is the amplitude of the signal z(t), @ is the angular velocity
(=2nf ,where f isthefrequency), and ¢, isthe phaseangle compared with
z(t)=Z,sinwt .

z2(t)=Z, cos(wt+¢,) (2)

It is quite complicated to analyze quantities in the time domain form of Equa-
tion (1) and Equation (2). Therefore, an alternative method of representing the
function is presented below. This method of synchrophasor presentation is called

the Euler’s formula.
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Z,e" "™ =7, (cosat+g,)+ JZ, (sinat+g,) = X, + X, 3

Equation (3) presents the phasor signal in terms of the real and imaginary parts
denoted as X, + jX,. Thus a sinusoidal varying signal such as in Equation (1) or
Equation (2) can be considered to be either the real or the imaginary part of

Zmej(ww”") , depending on whether the cosine or sine function is being considered.
z," ) =7 el'ei® = phasor (4)

Since, the angular velocity is the same for all the elements in a circuit, thus a

synchropasor can be described by the equation below

Z.2¢, (5)

The exponential form of the cosine function. ie. z (t) =Z, COS(a)t + goo) , can

then be described by the equation below

_ 1 j(ot+op) —j(ot+
z(t)_Zr{E(e +e “’0)

z(t) =%Zmei(“’”“"’) +%Zme’j(“’”“’°) (6)

Thus z(t) is the sum of two phasors, each with half the amplitude, with one
having a positive value of angular velocity (i.e. rotating anticlockwise) and a pos-

itive value of ¢,, and the other having a negative value of angular velocity and a
(et+ep)

negative value of ¢, [22]. It is safe to conclude from this result that Zmej

is the fundamental signal while %Zmej(”w") and %Zme_j(”’w’“) are the har-

monics. This result shows that if the phase shift is associated only to a lack of
time synchronization, it is possible to convert a negative phase angle measurement
to a positive phase angle measurement by analyzing the signal harmonics. The
value of phase angle ¢, depends on the time scale, at the time instant of t=0.
Provided that the definition of the above phasor is based on the angular frequency
w, the elaboration with other phasors must be realized with the same frequency
and time instant [23].

The phase angle ¢, is the difference between the instantaneous phase angle of
z (t) and a reference cosine signal running at the nominal frequency of the grid
aligned to Coordinated Universal Time (UTC) [24]. This phase angle ¢, can as-
sume a positive value if the UTC reference is after the pick sinusoid of the signal.
Negative value is obtained when the UTC reference is before the pick sinusoid of
the signal.

For analysis of signals with dynamic amplitude and phase variations, the signal

in Equation (2) can be written as
(t)=2, cos(2nf0t+2nja(t)dt+¢o) (7)
Where;
a(t)=f(t)-f,

where f, and f(t) arethenominal and the actual frequency, respectively, and
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a(t) is the function of time that indicates the deviation of the actual from the
nominal frequency. For a fixed frequency deviation, the input signal of Equation

(7) can be represented by Equation (8) below
2(t)=Z, cos((2nf, + 2nAf )t+¢,) (8)

where f +Af is the off-nominal frequency and Af represents the fixed fre-
quency deviation.
B.  Synchrophasor Determination Using DFT

In a balanced three-phase system operating at a nominal frequency, f, the

signal waveforms can be represented by the equations below

z(t)=2Z, cos(2nft+¢,) 9)

The time domain sample of the signal in Equation (9) can be represented by;
27N
z,=2, COS[%-F%) (10)

where N is the number of samples and is an integer multiple of fundamental
frequency f, and n represents the sample index in the array which ranges
from0to N-1 [25].

For N number of samples, the expression below applies

1 - 2nmn . . 27N
z :WZ:‘;Z“[COST—jSInTJ (11)
The Discrete Fourier Transform (DFT) of the signal can be determined by the
equation
V2 <na 2nn . . 27N
Z ominal = Z,| cOS——— Jsin— 13
nominal N zn,g n N J N j ( )

In this case, the real and imaginary part of the expression can be given by the
expressions below

z stjzn (coszNinj (14)

real —
N

V2 i . 21N
Zimaginary = Wzn,g Z, (Sln Tj (15)
For the off-nominal frequency signal of Equation (8) above, the time domain

sample can be represented by

z,=Z, cos(2nf,T, + 2nAfT, + @) (16)

where 2z, are the samples taken in one window with length of NT, ,
(n=012,---,N-1) [26].
C. Detection of Time Skew Error Using AI

The discrete Fourier transform (DFT) estimation technique is the basic, sim-
plest, and most popular algorithm for phasor computation [27]. In DFT-PMUs
Time-skew error is normally determined in terms of phase-angle error. In modern

power systems where abnormal conditions arise from the injection of renewal en-
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ergy into the grid, off-nominal frequency conditions circumstances lead to serious
positive-phase sequence measurement errors. In [28], the Phase-locked loop (PLL)
is used to determine the performance analysis of the PMU under grid fault con-
ditions. The PLL configuration shown in Figure 1 below treats the phase angle
error as a data anomaly. The phase detector calculates the time-phase angle dif-
ference between the input signal and the output signal. The error signal becomes
the input to the LPF to determine the stability and the overall response of the

system.

L J

+
Zin Phase Detector Low-Pass Filter Voltage-Controlled ] @
(PD) (LPF) Oscillator
(vco)
b

F

Figure 1. Single-phase Phase-Locked Loop (PLL) block diagram.

This technique, however, suffers from inaccuracies under grid voltage harmon-
ics, inter-harmonics and DC-offset [29]. To mitigate this problem, Koteswara Rao
et al. [30] proposed the use of a combined amplitude and phase modulated signal
model to approximate frequency ramp, sudden change in amplitude and phase in
terms of amplitude and phase modulation signal for a small interval of time using
feed forward Artificial Neural Network (ANN). ANN process inputs via linear
combinations of weights and biases while biological neurons (dynamic) exhibit
more dynamic and nonlinear behaviors [31]. ANN suffers from high computa-
tional complexity and hardware implementation. A modified Gauss-Newton ADA-
LINE (MGNA) that uses recursive formulation and reduces the computational
burden is proposed in [32]. It comes with the promise of determining the funda-
mental and harmonic phasors while maintaining simple hardware implementa-
tion and computation complexity. ADALINE is a linear Al algorithm that can be
implemented in multiple arrays, called MADALINE to deal with non-linear grid
conditions. The MADALINE concept is adopted in this research.

4. Hypothesis and Algorithms

Our hypothesis is that if a GPS signal error or frequency error occurs in the electric
grid, the PMU will detect the change in the dynamic conditions to ascertain the
correlation of these grid conditions with the phase angle change in the measured
vector signal. There are correlations in a single change of a grid parameter or mul-
tiple changes in different grid parameters to the phase angle error that can be in-
vestigated using ADALINE Al To investigate these correlations, the linear prod-
uct correlation coefficient formula is used:

I -XX(4-Y)
(X 2y -y)
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where r isan indicator of how well the points (X;,y;) fita straight line [33].
r is a number between —1 and 1. In this work, r is used a measure the cor-
relation between the change in the input vector frequency and the change in
the measured vector phase angle on one hand; and the error in the time stamp
to the change in the measured vector phase angle by the PMU on the other
hand. The computation complexity is reduced by the application of the ADA-
LINE.

For a fixed frequency deviation, the phasor signal can be represented by the

equation below

2(t) =2, cos((2nf, + 2nAf )t+ g, ) (17)

where f,+Af is the off-nominal frequency and Af represents the fixed fre-
quency deviation. The phase angle deviation ¢, from a time t, to t, can be

derived from Equation (18) below
0, = 2r[ [ A - T, ]t (18)

And the relative phase angle can be measured from Equation (19) below
Pret = Po — Pres (19)

where ¢, is the measured phase angle and ¢, is the phase angle of the refer-

ence PMU. The PMU reporting time At can be represented by the equation
At=t, -t (20)

Therefore, the variation of the relative phase angle will be given by Equation
(21) below

A(rorel = A(po _A¢ref (21)

Further, the change in relative phase angle can represented by Equation (22)

below

Mgy =2 [Af —f]dt (22)

In the event of time skew error in the PMU, the inaccurate time t, is defined

by the expression below
t,=t+7 (23)

where t, is the shift in UTC time, t is the UTC reference time, and 7 is the
deviation from the UTC time.

Agy(t,) = A, (t)+2m-Af, (t) At (24)

Equation (24) is used to detect anomalies in the timestamps of the synchro-
phasor. Where Ag,(t,) is the variation of relative phase angle with timestamp
shifting, f(t) denotes the instant frequency of measured signal at the time t
and Af_ (t) isfrequency variation between time t; and t [34]. The outputs of
the PMU are fed to the ADALINE to compute the correlation coefficient to be
used for determination of normal and abnormal grid conditions as illustrated in

Figure 2 below.
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GPS Antenna

GPS

Receiver

Phase- Outputs: Voltage, Current, Phasor, Frequency
Input: Voltage,Current Locked-Loop Smart Grid
Oscillator Communication
r 3
¥
Anti-Aliasing A/D 2-Stage
Filters Converter ADALINE

Figure 2. AI Based PMU Block diagram.

For single input ADALINE, one variable one output scenario, Equation (25)
will be used to determine the phase angle error with respect to the shift in the time

stamp Ze. time stamp shifting condition.

Ay (t,)=Apy (t)+2nf At (25)

The time skew error is simulated by inducing a shift in time 7 as a function
of the drift in the input vector frequency. The adaptive linear neuron (ADALINE)
computes the correlation coefficient for this condition.

It can be observed that t, can be updated iteratively. The formulations for up-
dating the time shift by substituting the relative change in UTC time At in (25)

is as shown below

t,(n+l)=t+Ar
t(n+2)=t+2A7
t,(n+3)=t+3Ar
t.(n+4)=t+4A7
t(n+-)=t+(n+-)Ar (26)

To determine the correlation between the change in the phase angle and the

shift in the time, the equation below is used [34].

5 %) 27)

(o) ™ &

where r is the correlation factor, oy, . is the covariance, o, and o, are

the phase angle and time respective standard deviations. These parameters are de-

fined in the equations below
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5 _ Z(¢O_¢ref)(t2_t1)
(¢0:t) 2 2
\/Z(% _q)ref) Z(tz _tl)

The correlation coefficient will be used to ascertain how the phase angle ¢,

correlates with the time t. &

(28)

> 0.8, represents normal grid conditions Ze.

phase angle ¢, and the time t. Since the equation for the determination of the
change in the phase angle A (t,) is linear, 5(%’0 <0.799 represents the lack

of correlation between the variables. In this work, 5(%‘) <0.799 is treated as a

data anomaly.
For single input ADALINE, one variable one output scenario, Equation (29)
will be used to determine the phase angle change with variable frequency ie. fre-

quency shifting condition.
Agy ()= Ay (1) +27-AF (1)t (29)

The frequency drift error is simulated by inducing a shift in frequency.
Af, (t) ranging from —0.55 to 0.55 off the nominal 50 hz frequency. The adap-
tive linear neuron (ADALINE) computes the correlation coefficient for this
condition.

It can be observed that the frequency, f can be updated iteratively. The for-
mulations for updating the shift in the frequency f by substituting the relative

change in frequency Af in (30) is as shown below
fo(n+1)=f +Af,
fi(n+2)=f +2Af,
f (n+3)=f +3Af,
f (n+4)=f +4Af,
fo(n+-)=f+(n+--)Af, (30)

To determine the correlation between the change in the phase angle and the

shift in the frequency, the equation below is used [34]
U(‘/’O ) ( 31 )

0,0

1)

(0.1)

where r is the correlation factor, T 1) is the covariance, Oy and o, are

the phase angle and time respective standard deviations. These parameters are de-

fined in the equations below
5 _ Z((po_(pref)(fz_f)
(e0.1) 2
VS0 X (1~ 1)

The correlation coefficient will be used to ascertain how the phase angle ¢,
correlates with the frequency, f.If 5(%’” >0.8 shows normal correlation

(32)

between the phase angle ¢, and the frequency, f . Since the equation for the
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Signal

GPE

SIGNAL

q

determination of the change in the phase angle Ag, (t,) islinear, & <0.799

(90.7)

represents the lack of correlation between the variables. In this work, 5(%‘ 0 <0.799

is treated as a data anomaly.

5. Methodology

The test signal can be calculated and implemented to distinguish between a real
fault situation and a normal operating condition through the computation of
the correlation factor for the change in the frequency and the phase angle. The
use of ADALINE Al in the configuration utilizes deep learning of the grid op-
erating conditions thereby increasing measurement accuracy and efficiency sig-
nificantly. This can be implemented in MATLAB/Simulink. In order to calculate
the phase-shift, the input signal has to be compared with a reference signal [35].
The computation of the phase-shift will be done by the ADALINE algorithm in
the PMU.

To validate the application of the ADALINE in the determination of the corre-
lation coefficient of the frequency drift and time-skew error to the change in the
phase angle error, the PMU prototype is simulated in MATLAB/Simulink as
shown in Figure 3 below.

IGontinuous

2

Power
source

L B

4 J 3
My cormlalion comelation Avg_corrrelation
corr

Y | estimated signal i

1

Learning
rate

-] *
freq_error u Frq_error_avg
Hwl Freq

|| et freq | @8timated_freq estimated_frag
HFs
E
Hwi
Sampling
rate Hwl

$  time_eror
E—bref f phi  estimate_time_emar Time_error_avg
Eat!
ref_phi E—bﬂaq

Ref_freq

Figure 3. PMU/ADALINE Prototype.

Figure 4 shows the ADALINE configuration in MATLAB/Simulink.
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/\/ sin 1
x1 y}|— Estimated signal

Referenc
signal
cos > x2 ef— Frequency error
Input signal —»ld 293¢ 4l  Reference Frequency
0.01 > mu W2[— Measured Frequency
Learning
rate

Figure 4. ADALINE Module in simulink.

The PMU/ADALINE prototype is simulated in MATLAB/Simulink for proof
of concept. Figure 5 below shows the algorithm flow chart and frequency error
equation.

Apy (f)=Apy (t)+2m-Af ()t

|(f+2AQ|

Desired
Signal

|(f+3AQI
|u+4M)}

|(f+5Aﬁ)=
[+ @roar | /izfy_

l Yy v ¥

TSA-M [

Y

Figure 5. PMU/ADALINE frequency subsystem flow chart.

Step 1. Initialize ADALINE with reference phase angle ¢, , shift in the fre-

quency, Af  with values ranging from —1 to 1hz to estimate the change in phase
angle using equation (29).

Step 2. Calculate the correlation factor 5(%‘f ) using equation (32).

Step 3. Check if correlation factor 5( ¢ exceeds & <0.799.
0. f) (20.1)

Step 4. Update Af, using (30) until error is achieved.

Step 5. Continue till the maximum number of iterations are reached.
Step 6. End.

Figure 6 below shows the MATLAB/Simulink implementation of the algo-
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rithm.

Reference Frequency ———p{ w1

Measured Frequency ——»{ w2 ‘freq Estimated Frequency

est_freq
J—. Fs
1e-4

Sampling rate

Figure 6. Simulink frequency estimation module.

The PMU/ADALINE prototype is simulated in MATLAB/Simulink for proof
of concept. Figure 7 below shows the algorithm flow chart and time error equa-
tion are provided below;

Ay (t,) = Apy (t)+2nf At

Dsird
Signal
| t+2A1 I
| t+3At I Ay (1)
2
l t+4At I
| t+5At I 5((00,1)
[ o+ @A 1
l Y Vv ¥
- TSA-T -

Figure 7. PMU/ADALINE time subsystem flow chart.

Step 1. Initialize ADALINE with reference phase angle ¢, , shift in the UTC,
r with values ranging from 0.1 to 0.2 seconds to estimate the change in phase
angle using Equation (26).

Step 2. Calculate the correlation factor 5(%0 using Equation (28).

Step 3. Check if correlation factor 5(%,t) exceeds 5(%’1) <0.799.

Step 4. Update A7 using (24) until error is achieved.

Step 5. Continue till the maximum number of iterations are reached.
Step 6. End.

Figure 8 below shows the MATLAB/Simulink implementation of the algorithm

DOI: 10.4236/wjet.2025.133028 452 World Journal of Engineering and Technology


https://doi.org/10.4236/wjet.2025.133028

G. Musonda et al.

Reference Frequency ————»{ w1
Measured Frequency —»{w2

Jdata 4 time_errorf——» Time Error
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Figure 8. Simulink time error estimation module.

The correlation coefficient is calculated using the equations below
_ Z(% ~ Pret )( f,— 1)
" S (ee (1)
o) = Zle _(prefz)(tz 4
\/Z(% ~ Pret ) 2.(t _tl)z

Figure 9 below shows the MATLAB/Simulink implementation of the correla-

%

tion coefficient computations.

Estimated signal—p»{ x

¢ r
% y correlation

Reference Signal

Correlation

y

Figure 9. Simulink correlation coefficient estimation module.

6. Results and Discussion

The completeness of the hypothesis of using the correlation coefficient to determine
data anomalies in the form grid frequency drift and Time Skew Error was confirmed
by the simulation of the model in MATLAB/Simulink. The PMU/ADALINE error
computation rate is 0.006 seconds was used in the simulations. The simulation
results are presented in Table 1.

The graph shows a semi-parabolic curve. Average correlation at 49.45 Hz is low
at approximately 0.75, increases steadily reaching its peak values in the range
49.80 - 49.85 Hz at the maximum correlation coefficient value of 0.9974. Beyond
the 0.9974 peak value, the correlation coefficient steadily declines to 0.7535 at
50.55 Hz. The graph is symmetric around the 0.9974 peak value; signifying a
smooth system response around the optimal operating point. The highest corre-
lation zone lies Approximately between 0.996 and 0.997, and covers a narrow
band centered just below the 50 Hz threshold; representing the most reliable re-
gion for the system. Outside the 50.30 to 49.60 Hz zone, the correlation reduces

more rapidly, indicating a fall-off in system performance.
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Table 1. Correlation coefficient analysis of the input vector frequency error.

Input Vector Freq. Mea. Ref. Time (UTC) Time Err. Avg. Freq. Error Avg. Avg. Corr.
49.45 0.795 4.485e—4 3.584e-1 7.522e-1
49.50 0.795 6.416e—4 4.101e-1 7.899e-1
49.55 0.795 7.735e—4 4.442e-1 8.608e—1
49.60 0.795 8.520e—4 4.588e—1 9.535e—1
49.65 0.795 8.833e—4 4.528e—1 9.892e-1
49.70 0.795 8.719e—4 4.268e—1 9.956e—1
49.75 0.795 8.200e—4 3.824e-1 9.972e-1
49.80 0.795 7.290e—4 3.222e-1 9.974e-1
49.85 0.795 5.991e-4 2.500e—-1 9.972e-1
49.90 0.795 4.315e—4 1.703e-1 9.971e-1
49.95 0.795 2.290e—4 8.797e-2 9.969¢e—1
50.00 0.795 —1.965e—6 8.060e-3 9.964e-1
50.05 0.795 —2.512e—4 —6.452e-2 9.954e-1
50.10 0.795 —5.408e—4 —-1.253e-1 9.935e—-1
50.15 0.795 —7.478e—4 -1.708e-1 9.905e—1
50.20 0.795 —9.657e—4 -1.976e-1 9.850e—1
50.25 0.795 —1.146e-3 —2.047e-1 9.733e-1
50.30 0.795 -1.279e-3 -1.915e-1 9.461e—1
50.35 0.795 —1.354e-3 —1.588e—1 9.014e-1
50.40 0.795 —-1.358e-3 —1.086e-1 8.542e—1
50.45 0.795 -1.267e-3 —4.413e-2 8.128e-1
50.50 0.795 —1.045e-3 3.075e-2 7.790e-1
50.55 0.795 —6.783e—4 1.114e-1 7.535e~1
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Figure 10. Input vector frequency vs. average correlation coefficient.

DOI: 10.4236/wjet.2025.133028 454 World Journal of Engineering and Technology


https://doi.org/10.4236/wjet.2025.133028

G. Musonda et al.

Frequency Error Average vs. Input Frequency
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Figure 11. Input vector frequency vs. frequency error average.

The graph shows a clear nonlinear diminishing trend. At 49.45 Hz, the fre-
quency error at approx. 0.3584 Hz is large and positive depicting weak correlation
with the input frequency. The frequency error gradually decreases, as the input
frequency increases, crossing zero mark at 50.00 Hz. Beyond the 50.00 Hz mark,
the error becomes negative, reaching a minimum slightly 50.20 Hz mark, crossing

the zero mark again after the 50.45 Hz point.
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Figure 12. Input vector frequency vs. time error average.

The graph shows a non-linear decreasing movement from 49.45 Hz to about 49.70
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Hz. The time error increases steadily, peaking around 8.833e—4 seconds. Beyond the
49.70 Hz point, the time error progressively decreases, crossing zero at approx. 50.00
Hz. At the 50.00 Hz point and beyond, the time error is increasingly negative, reach-
ing a minimum between 50.35 Hz and 50.40 Hz. The curve levels slightly after the
minimum point, indicating the error is approaching a steady lower limit (Table 2).

Table 2. Correlation coefficient analysis of the input vector phase angle.

Input Vector Mea. Ref. Time Input Vector Phase Angle ~Time Err. Avg.  Freq. Error Avg.  Avg. Corr.
Freq. (UTC) 4 g g g
50.00 0.795 5 —1.268e-2 —1.259e-2 9.978e~1
50.00 0.795 10 —2.573e—4 —2.224e-2 9.964e~1
50.00 0.795 15 —3.881e—4 —2.997e-2 9.908e~1
50.00 0.795 20 —5.188e—4 —3.569e-2 9.800e—1
50.00 0.795 25 —6.484e—4 —3.938e-2 9.630e—1
50.00 0.795 30 —7.764e—4 —4.101e-2 9.396e-1
50.00 0.795 35 —9.020e—4 —4.056e—-2 9.103e-1
50.00 0.795 40 -1.025e-3 —3.803e-2 8.762e~1
50.00 0.795 45 —1.143e-3 —3.385e-2 8.387e~1
50.00 0.795 50 —1.258e-3 —2.685e—2 7.994e-1
50.00 0.795 55 —-1.368e-3 —1.828e-2 7.597e~1
50.00 0.795 60 —1.472¢-3 7.807e-3 7.206e-1
50.00 0.795 65 —1.570e-3 4.492e-3 6.828e-1
50.00 0.795 70 -1.662e-3 1.852e-2 6.468e—1
50.00 0.795 75 —1.746e-3 3.418e-2 6.128e~1
50.00 0.795 80 —1.824e-3 5.134e-2 5.808e-1
50.00 0.795 85 —-1.853e-3 6.987e-2 5.509e-1
50.00 0.795 90 —1.954e-3 8.964e-2 5.320e-1
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Figure 13. Phase angle error vs average correlation coefficient.
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The curve shows a strong decreasing trend in the Average Correlation Coeffi-
cient as the phase angle error increases from 5° to 90°. The average correlation
value is above 0.9 with the peak at 0.9978. The region between the 45° and 50°
range indicates the point at which the curves cross the 0.8 threshold. The average
correlation value rapidly drops below 0.7 at 65° and finally to 0.532 at 90°. The
curve depicts a very strong negative correlation between the phase angle error and

the average correlation.

Input Phase Angle Error vs Frequency Error Avg and Avg Correlation
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Figure 14. Input phase angle error vs. average correlation/frequency error average.

Frequency Error Average largely decreases as the input phase angle rises up to
the 50° point; it then sharply begins to rise. The graph shows a consistent and
uninterrupted decrease in the Average Correlation with increasing phase angle
error. Low phase errors (0° to 50°) correspond with correlation values of 0.8 and
above which is consistent with the hypothesis of this research. The PMU/ADA-
LINE algorithm demonstrates that it is highly phase-sensitive, maintains fre-

quency tracking and correlation beyond a certain error margin.

7. Conclusions

The input vector frequency versus frequency error average graph represents a cor-
rection curve, where the frequency error is high when the input deviates from a
nominal frequency value of 50 Hz. The shape of the curve suggests a slightly asym-
metric parabolic profile which indicates non-linear behavior in the system.

The input vector frequency versus time error average curve suggests that the
system’s timing error is frequency-dependent, with optimal performance at 50.00
Hz. The peak in time error occurs at approximately 49.65 Hz and valley at ap-
proximately 50.35 Hz indicating system lag or phase shift on either side of the
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nominal frequency.

The input vector frequency versus average correlation curve reflects the quality
of signal matching, orientation, and model precision at different input frequencies.
The peak in correlation implies that the system is optimized for a specific frequency
range, centered around 49.80 to 49.90 Hz. As frequency drifts away from this peak
range, phase angle error is likely to increase, lowering the correlation. Best system
performance for the PMU/ADALINE is dependent on keeping the input vector fre-
quency in the range of 49.65 Hz to 50.05 Hz where the correlation coefficient is
greater than 0.99. The region between 49.55 Hz to 49.65 Hz, and 50.05 Hz to 50.45
Hz represents the region where system calibration of correction is considered to be
normal. Finally, the correlation coefficient values below 0.799 corresponding to fre-
quencies outside 49.55 Hz and 50.45 Hz are scientifically called data anomalies as
they fall outside the acceptable correlation. Outliers, missing data, and event data in
the synchrophasor are considered to be data anomalies [36].

In this paper, we have investigated the PMU/ADALINE that works on the prin-
ciple of computing the correlation coefficient using AI to determine data anoma-
lies of the normal grid operating conditions in a given control area. The control
area is considered to be under normal frequency conditions when the frequency
is within the range 49.5 to 50.5 Hz [37]. The graph in Figure 10 shows how the
average correlation coefficient changes with the input vector frequency. You can

see a clear transition around 49.55 - 50.45 Hz, where the correlation coefficient
shifts from &, () < 0.799 to Sgp.t) 2 0.8 and then back down again, suggesting

a peak correlation around 49.75Hz to 49.85Hz. Further, the graph in Figure 13
suggests that phase angle error significantly affects the average correlation in a
manner similar to the graph in Figure 10. The characteristics depicted in both
Figures 10-13 confirm that there is a very strong relationship between the input
vector frequency, time error average, the phase angle error and the correlation
coefficient.

For optimal performance, analysis of the graph in Figure 14 suggests that ideally
the input vector phase angle error should be less than 50°. The correlation coefficient
is unstable and the frequency error average is high for input vector phase angles
above 50°, which is an indication of loss of coherence. The system behavior indicates
that phase error correction beyond the 50° threshold is necessary. The results of the
MATLAB/Simulink prototype confirm the hypothesis of this research.

Performance analysis of average correlation as a performance parameter can be
benefited from further investigation of the systems response to transient condi-
tions, such as thunderstorms and other sources of noise. An inclusion of mathe-
matical analysis of the computation load in DFT PMUs compared to the ADA-
LINE PMU would enrich the hypothesis of this research.
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