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Abstract 
The PMU’s performance relies on its ability to detect and provide accurate 
measurements of both steady-state and dynamic conditions. The phasor esti-
mation algorithm assesses the accuracy and quality of measuring grid pa-
rameters under various operating conditions. The Discrete Fourier Trans-
form (DFT) algorithm is the most commonly used because of its low compu-
tational complexity and ease of implementation on any hardware. However, 
DFT has limitations in accurately obtaining a phasor during off-nominal grid 
frequency conditions caused by inter-harmonics, intermodulation, and fre-
quency ramps. This paper introduces the design of a Hybrid DFT-ADALINE 
model. The ADALINE is a linear activation function where the input is directly 
proportional to the output, and it can learn from its environment and adjust its 
weights to minimize errors. Recently, many researchers have focused on ap-
plying an adaptive linear neural network (ADALINE) for parameter estima-
tion due to its low computational complexity, minimal tracking error, and 
faster convergence rate. ADALINE is widely used as a harmonic estimator be-
cause of its simple structure and ability to track nonstationary signal parame-
ters. A key feature of this approach is the integration of ADALINE, which 
tracks the estimated frequency and the phase angle error output of the PMU, 
converting it into a correlation coefficient. The ADALINE deep learning AI 
analyzes the changing pattern of frequency relative to the nominal grid fre-
quency, comparing it to the phase angle error to determine the average corre-
lation. The model is calibrated so that it reflects the average correlation for 
frequencies between 49.5 Hz and 50.5 Hz as normal grid conditions, ensuring 
the PMU does not generate alarms under these off-nominal conditions. This 
study demonstrates how a single PMU measurement parameter, the correla-
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tion coefficient, can be used to predict the behavior of the power grid under 
dynamic conditions, and how it can trigger grid voltage and frequency adjust-
ments, significantly simplifying the fault detection logic of the power system 
and reducing computation latency. 
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1. Introduction 

The PMU is a sensor device that measures electrical quantities such as voltage and 
current phasors, frequency, and rate of change of frequency (ROCOF), with an 
accurate time tag based on UTC obtained from a GPS receiver or through IEEE 
1588 (Precision Time Protocol) synchronization [1]. Sustained growth in de-
mand, along with unprecedented investments in transmission infrastructure, has 
led to narrow operational margins for power system operators worldwide. As a 
result, power networks are operating close to stability limits. This situation has 
placed significant pressure on power utility companies to explore new avenues for 
control and protection of wide-area systems [2]. It also necessitates increasing gen-
eration through distributed and renewable energy sources. The sudden switching 
on and off of distributed generators and renewable energy sources introduces a 
decaying DC offset condition on the grid, which can distort current waveforms 
and affect the operation of PMUs. Therefore, calculating voltage and/or current 
phasors, deviation from nominal frequency, and the rate of change of frequency, 
each with an exact timestamp, supports real-time state estimation and enhances 
protection schemes [3].  

High-performance Phasor Measurement Units (PMUs) are essential for effec-
tive monitoring, protection, and control of the power grid, heavily depending on 
the sensitivity and measurement accuracy of the PMU. These factors are vital for 
enabling proper control actions that improve the stability and usability of the 
power system. The performance of the PMU relies on its ability to detect and ac-
curately measure both steady-state and dynamic conditions. It is well-known that 
the phasor estimation algorithm determines the accuracy and quality of PMU data 
under various measurement conditions, forming the foundation of all PMU-based 
technologies and applications [4]. Over time, many algorithms have been pro-
posed to achieve accurate measurement of phasor quantities. However, the Dis-
crete Fourier Transform (DFT) algorithm remains the most widely used because 
of its low computational complexity, making it implementable on any hardware 
[5]. DFT offers high frequency resolution, which makes it suitable for precise 
phasor estimation. As a result, many algorithms developed for phasor measure-
ment are extensions of the DFT. Nonetheless, the measurement accuracy of the 
DFT algorithm can only be guaranteed at the nominal grid frequency [6]. DFT is 
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a time-domain estimation technique that analyzes signal samples through time-
domain frequency mixers, filters, or other processing methods to obtain the phasor 
[7]. This design approach for the PMU is vulnerable to false alarms of low-fre-
quency oscillations during off-nominal frequency (time-variant frequency) con-
ditions. A linear relationship exists between the input vector frequency, the aver-
age time error, and the phase angle error of the PMU. This relationship can be 
used to calibrate the PMU for better resistance against off-nominal frequency ef-
fects caused by inter-harmonics, intermodulation, and frequency ramps [8]. There-
fore, the state estimation problem in the DFT algorithm can be addressed by ma-
nipulating this linear relationship among the input vector frequency, the time-vari-
ant frequency, and the phase angle error [9]. 

The rest of this paper is organized as follows: Section I discusses the theoretical 
foundations of the phasor estimation algorithms used in the PMU. In Section II, 
research related to tracking the time-varying frequency and its impact on the 
phase angle error of the PMU is examined. Section III outlines the basic architec-
ture of a phasor measurement device. Section IV explains the theoretical basis of 
using the average correlation coefficient to track the time-varying frequency and 
phase angle error. In section V, the implementation and testing of the hardware 
model of the PMU are detailed. Section VI presents the results of the PMU testing. 
Finally, conclusions are given in Section VII. 

2. Related Work 

Real-time power grid state estimation relies on the event detection method em-
ployed: these include signal-processing-based, statistical-based, machine-learn-
ing-based, and hybrid approaches [10]. Examples of signal processing techniques 
are the Discrete Wavelet Transform (DWT), Discrete Fourier Transform (DFT), 
and the Interpolated Discrete Fourier Transform (IDFT). Statistical methods en-
compass the Gaussian distribution, Principal Component Analysis, Time Series 
Analysis, Event Classification, and Outlier Detection. Machine learning techniques 
involve Support Vector Machines (SVM), Artificial Neural Networks (ANN), De-
cision Trees, k-Nearest Neighbors (k-NN), Adaptive Artificial Neural Network 
(ADALINE), and Linear Discriminant Analysis (LDA). Hybrid methods combine 
signal processing and statistical techniques, machine learning and signal processing, 
or statistical and machine learning approaches.  

Antonio Delle Femine et al. [11] employed an advanced PMU internal signal 
processing method using Interpolated Discrete Fourier Transform (IDFT), inte-
grated into a low-cost microcontroller, to synchronize the sampling frequency 
with the Universal Time Coordinated (UTC) reference. The IDFT could track the 
grid frequency and the time-varying phase angle error of the PMU. The prototype 
was tested with a high-performance PMU calibrator, the Fluke 6135A/PMUCAL, 
and the results showed impaired phasor measurement under dynamic grid con-
ditions. 

Hui Li et al. [12] employed a two-layer iterative DFT with resampling to esti-
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mate frequency under non-steady state grid conditions. The exponential sampling 
method was used to set the initial sampling frequency during the inner layer of 
the DFT iteration. The PMU could track the time-variant frequency back to the 
normal grid frequency based on the Percentage Total Vector Error (%TVE). Fre-
quency tracking was achieved by calculating the mean squared error of the meas-
ured frequency, the rate of change of frequency, and the total vector error during 
continuously changing transient conditions. 

Lei Chen et al. [13] used statistical exponential functions to model the decaying 
dc (DDC) component, and the optimal time constant (TC) for the DDC model 
was determined using an enumeration method. The rate of change of frequency 
(ROCOF) of the harmonic was estimated with a second-order fitting technique. 
The use of Shannon’s sampling method reduced the harmonic phasor estimation 
time. This PMU calibration approach enhanced immunity against off-nominal 
frequency conditions caused by inter-harmonics, intermodulation, and frequency 
ramps. 

Ravi Ponnala et al. [14] developed a hybrid DFT method for constant-magni-
tude phasor calculation with a rotating phase angle to detect faults in the power 
system based on the Total Vector Error (TVE). In this approach, the %TVE-based 
fault detection was determined using the reference phasor value. The results indi-
cated that when a fault, disturbance, or frequency change occurred, the %TVE 
varied; as a result, the change in TVE was reflected in the calculation of the next 
sample. Phasor calculation often produces large amounts of data that require sig-
nificant memory, complicating data analysis. To reduce the need for extensive data 
storage, data was only saved during disturbance conditions. This method minimized 
data generation, making data analysis easier for post-disturbance assessments and 
load forecasting. 

This work proposes a hybrid signal processing and machine learning approach 
to improve phasor measurement in the PMU. It leverages the linear relationship 
between the time-varying frequency and the phase angle error of the PMU to de-
termine the correlation coefficient. The average correlation coefficient is analyzed 
graphically to check if it exceeds a set threshold for outlier detection. This method 
enhances the accuracy of phasor measurements under off-nominal frequency and 
other dynamic grid conditions.  

3. Methodology 

The methodology of this work outlines five key components: the setup of the PMU 
based on the DFT algorithm with the TVE, Phasor Magnitude, Phase Angle Error, 
Frequency Error Average, Rate of Change of Frequency (ROCOF), and the Average 
Correlation Coefficient measurement. Each of these features is explained in detail 
in the subsections below. Figure 1 shows the block diagram of the proposed model. 

3.1. Elements of the PMU 

The main components of the PMU include a GPS receiver, low-pass filter, analog-
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to-digital converter, phase-locked loop, and the microprocessor-based phasor es-
timation unit.  
 

 
Figure 1. Model block diagram. 

 
The GPS receiver provides the time synchronization signal needed for timestamp-

ing measured values. The PLL calculates the phase difference between the input 
and output signals. The error signal then feeds into the BPF to evaluate the system’s 
stability and overall response [8]. 

3.2. Band Pass Anti-Aliasing Filter 

The transient response of a PMU depends on its filter design. An ideal filter should 
smoothly attenuate frequencies below the lower cutoff and above the upper cutoff. 
Filters like Kalman, Gaussian, Butterworth, and Chebyshev are used in PMU ap-
plications. The Butterworth filter is known for its flat response in the passband, 
minimal ripple, and a waveform that can decrease monotonically, with amplitude 
trends aligned with the diagonal frequency [15]. Conversely, Chebyshev filters—
whether analog or digital—have steeper roll-off and exhibit more passband or 
stopband ripple but offer a less favorable phase response compared to the Butter-
worth filter [16]. Kalman filters are commonly used for analyzing dynamic sys-
tems with normally distributed noise but are less effective for nonlinear systems 
[17]. Typically, these filters need modifications to handle nonlinear systems effec-
tively. The extended Kalman filter addresses this by linearizing the nonlinear sys-
tem around a nominal state frequency [18]. To address issues such as non-Gauss-
ian noise and outlier interference, a cubature Kalman filter based on robust func-
tions (RF-CKF) has been proposed [19]. Therefore, the filter design of the PMU 
should facilitate the linearization of the grid’s nonlinear transient conditions so 
they can be processed effectively by the ADALINE. The IEC/IEEE Standard re-
quires that the PMU’s response to a voltage or phase step should have a step re-
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sponse with less than 5% overshoot [20].  
In this paper, we propose replacing the traditional Low Pass Filter (LPF) with a 

4th order Butterworth Band Pass Filter (BPF) in the design of the Hybrid DFT-
ADALINE model to enhance the PMUs’ response to Poisson-Gaussian noise 
within the 49.5 Hz to 50.5 Hz pass band. The transfer function of the BPF is shown 
in Equation (1) below. 

 ( ) 2

22 2
0

1

1
nH j =

 −
+  
 ω

ω
ω ω
β

 (1) 

where 0 L H= +ω ω ω  is the center frequency, H L= −β ω ω  is the bandwidth, 
2L fL= πω  represents the lower cutoff in radians per second, and 2H fH= πω  

represents the upper cutoff in radians per second. The 4th-order Butterworth fil-
ter will have a sharp frequency response, as shown in Figure 2 below. 
 

 
Figure 2. Fourth-order Butterworth bandpass filter frequency response. 

 
The filter design offers excellent noise rejection, minimal signal distortion in 

the 49.5 Hz to 50.5 Hz pass band, smooth attenuation at the boundaries, and min-
imal phase distortion.  

3.3. Analog to Digital Converter 

The ADC converts the analog signals of voltage and current into digital signals for 
analysis by the microcontroller and extracts valuable information from these sig-
nals. The ADC should be fast, operate linearly within the specified region, and 
have high resolution [21]. The Pulse Per Second (PPS) signal acts as a critical ref-
erence for monitoring the local oscillator, which drives the ADC during the sam-
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pling process [22].  

3.4. Total Vector Error (TVE) and Frequency Error 

The TVE results from both magnitude error and phase angle error, derived from 
the vector that separates the theoretically applied phasor and the estimated phasor. 
The resulting vector magnitude is normalized by dividing it by the theoretical vec-
tor magnitude, producing the TVE [23]. If only one phase is considered, then the 
total vector error is expressed as in Equation (2) below. 

 TVE 100%m n

n

X X
X
−

= ×  (2) 

where mX  is the measured vector and nX  is the reference vector. Frequency 
Error (FE) estimation is calculated using Equation (3) below; 

 FE m nf f= −  (3) 

where mf  is the measured frequency and nf  is the reference (nominal) fre-
quency. Since frequency is mathematically the derivative of the phase angle, the 
estimated phase angle can be used to determine the original input signal’s fre-
quency [24]. 

3.5. DFT-ADALINE Model 

The DFT algorithm is recognized for its low computational complexity and ease 
of implementation across various hardware types; however, its main drawback is 
the generation of false alarms during off-nominal frequency conditions. The 
ADALINE is a linear activation function where the input is directly proportional 
to the output, and it can learn from its environment and adjust its weights to re-
duce errors. In recent years, many researchers have focused on applying an adap-
tive linear neural network (ADALINE) for parameter estimation due to its low 
computational complexity, minimal tracking error, and faster convergence rate 
[25]. ADALINE is widely used as harmonic estimator because of its simple struc-
ture and nonstationary signal parameter tracking capability. However, when it is 
applied in the estimation of signals with time-varying parameters, a decaying DC 
function, high measurement noise, and inter-harmonics, it converges prematurely 
[26]. Therefore, incorporating a lightweight computation of the coefficient of lin-
ear correlation into the ADALINE enhances its online harmonics estimation ca-
pability. The hybrid DFT-ADALINE algorithm determines the linear relationship 
between grid frequency error and phase angle, calibrated to accept a range of fre-
quencies and reject those outside this range. It finds the linear correlation between 
time/frequency error and the phase angle error of the PMU. In this application, 
correlation coefficient values range from at least 0.75 up to 0.9974. The passband 
of 49.5 Hz to 50.5 Hz corresponds to correlation coefficients ranging from 0.8 to 
0.9974. As a result, estimated signals with correlation coefficient averages of 0.8 to 
0.9974 do not trigger alarms on the PMU. Conversely, input signals with correla-
tion coefficients below 0.8 are considered anomalies and cause alarms. Parallel 
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ADALINE applications are used to compute the linear correlations of time/fre-
quency error and phase angle error. The ADALINE deep learning algorithm ena-
bles the DFT algorithm to operate efficiently on the PMU, thereby overcoming 
challenges related to dynamic grid conditions.  

The DFT-ADALINE algorithm is especially useful for phasor estimation be-
cause of its computational efficiency and ability to accurately track grid frequency 
and timing signals in real-time using the correlation coefficient. 

In the PMU architecture, the Analog-to-Digital converter clock is synchronized 
with the global positioning system (GPS), which provides the 1 pulse per second 
signal [10]. The Phasor estimator calculates the phasor magnitude and angles. The 
Phase-Locked-Loop (PLL) circuit detects positive-sequence measurement errors 
caused by off-nominal frequency conditions resulting from the injection of re-
newable energy into the grid. This technique allows the PMU to dynamically track 
the estimated frequency relative to the grid’s changing frequency. It therefore acts 
as a key input to the ADALINE for calculating the Frequency Error Average, Time-
Error Average, and the Correlation Coefficient. These functions of the ADALINE 
can be implemented by deploying a microcontroller that meets the specific hard-
ware and software requirements of the PMU. 

3.6. Average Correlation 

The average correlation coefficients are derived from the linear relationships es-
tablished by Equation (4) below. 

 ( ) ( ) ( )0 2s relt t f t t∆ = ∆ + π⋅∆ ∆τϕ ϕ  (4) 

where ( )0 st∆ϕ  is the variation of the relative phase angle with respect to 
timestamp shifts, ( )f t  denotes the instantaneous frequency of the measured 
signal at time t , and ( )f t∆ τ  is the frequency variation between times st  and 
t . The function of the algorithm is to track the signal frequency supplied to the 
ADALINE by the PLL, based on the time-variant phase angle error output of the 
PMU, and convert it into a correlation coefficient value. This involves running 
two parallel ADALINEs to compute the average correlation coefficients. The al-
gorithms for the ADALINEs are presented below; 

 ( ) ( )0 2s relt t f t∆ = ∆ + π ∆ϕ ϕ  (5) 

To establish the linear relationship between the phase angle error and the time-
varying frequency component, the grid frequency, f  is treated as a constant 
value.  

It can be observed that st  can be updated iteratively using Equation (6) below, 
where τ  is the deviation from the UTC.  

( )1st n t+ = + ∆τ  

( )2 2st n t+ = + ∆τ  

( )3 3st n t+ = + ∆τ  
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( )4 4st n t+ = + ∆τ  

 ( ) ( )st n t n+ = + + ∆  τ  (6) 

The correlation coefficient average is computed according to the algorithm and 
Equation (viii) below [8]; 

 ( )
( )( )

( ) ( )
0

0 2 1
, 2 2

0 2 1

ref
t

ref

t t

t t

− −
=

− −

∑

∑ ∑
ϕ

ϕ ϕ
δ

ϕ ϕ
 (7) 

Step 1. Initialize ADALINE with reference phase angle refϕ , shift in UTC, τ , 
with values ranging from 0.1 to 0.2 seconds to estimate the change in phase angle 
using Equation (3). 

Step 2. Calculate the correlation factor ( )0 ,tϕδ  using Equation (8). 
Step 3. Check if the correlation factor ( )0 ,tϕδ  exceeds ( )0 , 0t ≤ϕδ .  
Step 4. Update t∆  using (vii) until the error is minimized.  
Step 5. Continue until the maximum number of iterations is reached.  
Step 6. Finish. 
To establish the linear relationship between the phase angle error and the grid 

frequency component, the UTC, t , is considered a constant value.  

 ( ) ( ) ( )0 2s relf t f t t∆ = ∆ + π⋅∆ τϕ ϕ  (9) 

It can be observed that the frequency f  can be updated iteratively. The for-
mulas for updating the shift in frequency f  by substituting the relative change 
in frequency f∆  in (10) are shown below [5]; 

( )1tf n f f+ = + ∆ τ  

( )2 2tf n f f+ = + ∆ τ  

( )3 3tf n f f+ = + ∆ τ  

( )4 4tf n f f+ = + ∆ τ  

 ( ) ( )tf n f n f+ = + + ∆  τ  (10) 

The correlation coefficient average is computed according to the algorithm and 
Equation (11) below [5]; 

 ( )
( )( )

( ) ( )
0

0 2
, 2 2

0 2

ref
f

ref

f f

f f

− −
=

− −

∑

∑ ∑
ϕ

ϕ ϕ
δ

ϕ ϕ
 (11) 

Step 1. Initialize ADALINE with reference phase angle refϕ , shift in the fre-
quency, f∆ τ  with values ranging from −0.5 to 0.5 Hz to estimate the change in 
phase angle using Equation (9). 

Step 2. Calculate the correlation factor ( )0 , fϕδ  using Equation (11). 
Step 3. Check if correlation factor ( )0 , fϕδ  exceeds ( )0 , 0f ≤ϕδ .  
Step 4. Update f∆ τ  using Equation (x) until the desired error level is achieved.  
Step 5. Continue until the maximum number of iterations is reached.  
Step 6. Finish. 
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4. Implementation and Testing 

The DFT-ADALINE algorithm is implemented on the PMU in MATLAB/Sim-
ulink using the block diagram in Figure 3. Its functionality is validated through 
frequency ramp tests, magnitude step, and GPS signal loss. 
 

 
Figure 3. DFT-ADALINE simulink model. 

5. Results and Discussion 

The results show enhanced performance in the results obtained for the FE, RFE, 
TE, and TVE compared to the standards set in the IEEE 37.118 for the P-class and 
M-class PMUs. The results obtained for the PMUs’ performance parameters are 
reflected in a singular parameter called the correlation coefficient. 

From 0 to 0.8 s, the measured signal frequency is 49.55 Hz, indicating a devia-
tion of −0.45 Hz from the nominal 50 Hz reference value. The correlation remains 
one during this period, reflecting steady-state operation of the grid amidst a neg-
ative frequency ramp in the measured signal, as shown in Figure 4. Between 0.8 
and 1.6 s, the correlation sharply drops to −1 because the measured signal under-
goes a 180˚ phase shift relative to the reference signal—phase angle error. The injec-
tion of the step signal into the PMU at 0.787 seconds caused a 180˚ phase inversion 
of the input signal, resulting in the perfect negative correlation detected by the 
PMU. 
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Figure 4. Correlation Average at 49.55 Hz. 

 
Time range (1.6 - 2.0 s): This period indicates a failure of the 1.6 s GPS signal 

to the PMU. It is evident from the high-frequency oscillations between −1 and +1. 
The typical shape of the average correlation curve is likely similar under other 
abnormal conditions, such as noise and processing delays.  

From 0 to 0.8 s, the measured signal frequency is 50.00 Hz, indicating a devia-
tion of 0 Hz from the nominal 50 Hz reference value. The correlation remains at 
one during this period, reflecting steady-state operation of the grid, as shown in 
Figure 5. Between 0.8 and 1.6 s, the correlation is maintained at +1, despite the 
measured signal undergoing a 180˚ phase shift relative to the reference signal—
zero phase angle error.  
 

 
Figure 5. Correlation average at 50.00 Hz. 
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Time range (1.6 - 2.0 s): This period indicates a failure of the 1.6 s GPS signal 
to the PMU. It is evident from the high-frequency oscillations between −1 and +1. 
The typical shape of the average correlation curve is likely similar under other ab-
normal conditions, such as noise and processing delays.  

From 0 to 0.8 s, the measured signal frequency is 50.45 Hz, indicating a devia-
tion of +0.45 Hz from the nominal 50 Hz reference value. The correlation remains 
one during this period, reflecting steady-state operation of the grid amidst a pos-
itive frequency ramp in the measured signal, as shown in Figure 6. Between 0.8 
and 1.6 s, the correlation sharply drops to −1 because the measured signal under-
goes a 180˚ phase shift relative to the reference signal—phase angle error. The 
injection of the step signal into the PMU at 0.787 seconds caused a 180˚ phase inver-
sion of the input signal, resulting in the perfect negative correlation detected by 
the PMU. 
 

 
Figure 6. Correlation average at 50.45 Hz. 

 
Time range (1.6 - 2.0 s): This period indicates a failure of the 1.6s GPS signal to 

the PMU. It is evident from the high-frequency oscillations between −1 and +1. 
The characteristic of the average correlation curve is likely to be the same for other 
abnormal conditions, including high-frequency noise or jitter. 

From 0 to 0.8 s, in Figure 7, the Time Error is approximately zero, with only a 
small initial unstable condition before settling. During this period, the internal 
clock of the PMU is nearly synchronized with the time-variant frequency of the 
PMU output at 49.55 Hz. As a result, the PMU provides time-stamped measure-
ments with minimal time deviation from the reference signal, and both phase an-
gle error and TVE remain below 1%. From 0.8 to 1.6 s, an abrupt increase in os-
cillations is observed in the time error due to the introduction of the step signal to 
the PMU at 0.787 seconds. The application of the 1 pu step signal to the PMU at 
0.787 s signifies a severe system disturbance that can lead to frequency deviations, 
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a phase shift of 180˚, and observed time errors.  
 

 
Figure 7. Time error average at 49.55 Hz. 

 
In the time range (1.6 – 2.0 s), the PMU loses the 1.6 s GPS signal and switches 

to internal clock synchronization, settling at approximately 0.005 s. This indicates 
an unstable PMU synchronization. 

From 0 to 0.8 s, in Figure 8, the Time Error is nearly zero, with only a small 
initial unstable period before stabilizing. During this time, the internal clock of 
the PMU synchronizes with the time-varying frequency of the PMU output at 
50.00 Hz. A minor spike appears at time 0, caused by the system interrupt, but it 
quickly returns to near zero. This period indicates perfect synchronization of the 
PMU’s internal clock with the reference GPS signal. The input time-varying fre-
quency at 50 Hz matches the reference signal frequency, confirming a zero phase 
angle time shift, as shown by the zero-time error value. 
 

 
Figure 8. Time error average at 50.00 Hz. 

 
From 0.8 to 1.6 seconds, the time error stays at zero, even though the measured 
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signal experiences a 180˚ phase shift relative to the reference signal—indicating 
zero phase angle error.  

In the time range (1.6 – 2.0 s), the PMU loses the 1.6 s GPS signal and reverts 
to internal clock synchronization, settling at approximately 0.005 s. This condi-
tion indicates unstable external time-source synchronization for the PMU. 

From 0 to 0.8 s, in Figure 9, the Time Error is approximately zero, with only a 
small initial unstable condition before settling. During this period, the internal 
clock of the PMU is nearly synchronized with the time-variant frequency of the 
PMU output at 50.45 Hz. As a result, the PMU provides time-stamped measure-
ments with minimal time deviation from the reference signal, and both phase an-
gle error and TVE remain below 1%. From 0.8 to 1.6 s, an abrupt increase in os-
cillations is observed in the time error due to the introduction of the step signal to 
the PMU at 0.787 seconds. The application of the 1 pu step signal to the PMU at 
0.787 s signifies a severe system disturbance that can lead to frequency deviations, 
a phase shift of 180˚, and observed time errors.  
 

 
Figure 9. Time error average at 50.45 Hz. 

 
In the time range (1.6 - 2.0 s), the PMU loses the 1.6 s GPS signal and switches 

to internal clock synchronization, settling at approximately 0.005 s. This indicates 
an unstable PMU synchronization. 

From 0 to 0.8 s, in Figure 10, the frequency error is nearly zero, with minor 
oscillations, but shows overall perfect synchronization between the measured sig-
nal (49.55 Hz) and the reference signal. The near-zero frequency error indicates 
accurate and steady frequency measurements, with the PMU algorithm function-
ing optimally. 

The 0.8 - 1.6 s period is highly dynamic. After the 1 pu, the step signal is applied 
to the PMU at 0.787 s, causing a severe frequency error, which is shown by the 
conical envelope on the curve. During this region, the error increases, reaches 
a peak, and then decreases symmetrically; the error amplitude peaks at ±0.5 Hz, 
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equivalent to a TVE of 1%. The zero crossing on the characteristic curve indicates 
the PMUs’ effort to counteract the disturbance caused by the application of the 1 
pu step signal. 
 

 
Figure 10. Frequency error average at 49.55 Hz. 

 
Between 1.6 and 2 seconds, the PMU loses the 1.6 s GPS signal. The frequency 

error then resets to nearly zero, indicating it no longer tracks the signal with the 
external time source. 

From 0 to 0.8 s, in Figure 11, the frequency error is approximately zero, with 
minor frequency oscillations, but shows overall perfect synchronization of the 
measured signal (50.00 Hz) and the reference signal. The frequency error being 
essentially zero indicates perfect and steady frequency measurements, with the 
PMU algorithm performing optimally. 
 

 
Figure 11. Frequency error average at 50.00 Hz. 
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From 0.8 to 1.6 seconds, the 1 pu input vector frequency is 50 Hz, so the fre-
quency error is nearly zero. There are negligible, almost undetectable fluctuations 
around the zero line, indicating highly accurate and stable frequency measure-
ments during this period. The system response shows that even applying the 1 pu 
step signal to the PMU does not cause a significant frequency error. The input 
time-variant frequency at 50 Hz matches the reference signal frequency, resulting 
in a zero phase angle time shift in the zero-frequency error value. 

The region 1.6 - 2.0 s indicates the loss of the 1.6 s duration GPS signal to the 
PMU. This condition is marked by a sudden, sharp rise in frequency error, fol-
lowed by significant oscillations. A rapid and substantial deviation in the meas-
ured frequency occurs, quickly reaching a peak positive error of 0.3 Hz, which 
corresponds to a TVE of 0.6%, and then decreases to a negative error equivalent 
to a TVE of 0.4%.  

From 0 to 0.8 s, in Figure 12, the frequency error is nearly zero, with minor 
frequency oscillations, but it shows overall perfect synchronization of the meas-
ured signal (50.45 Hz) and the reference signal. The frequency error being essen-
tially zero indicates accurate and steady frequency measurements, with the PMU 
algorithm performing optimally. 
 

 
Figure 12. Frequency error average at 50.45 Hz. 

 
From 0.8 to 1.6 seconds, the 1 pu step signal is applied to the PMU at 0.787 

seconds, causing a 180˚ phase shift in the PMU output. Significant oscillations are 
observed at 0.8 seconds after applying the 1 pu step signal to the PMU. The oscil-
lations, initially at 0.4 Hz, seem to settle to zero before increasing to 0.5 Hz, indi-
cating a worsening of the frequency error (TVE = 1%). 

During the time range (1.6 - 2.0 s), a GPS signal lasting 1.6 seconds is removed; 
the frequency error resets to a value near zero, indicating that it is no longer track-
ing the signal with the component of the external time source. 
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From 0 to 0.8 seconds, in Figure 13, the estimated frequency remains at the 
nominal value of 50 Hz, even though the input vector is off-nominal. For an input 
vector frequency of 49.55 Hz, the TVE is 0.9%, and the average correlation at that 
value is +1; therefore, the estimated frequency is considered 50 Hz during 0 - 0.8 
s, indicating a normal PMU response.  
 

 
Figure 13. Estimated frequency at 49.55 Hz. 

 
At 0.787 s, a 1 pu step signal is applied to the PMU, causing a frequency spike 

of about 0.0001. This spike results in a TVE below 0.1%. However, the correlation 
coefficient in Figure 4, recorded under the same conditions, shows a quick drop 
in the average correlation coefficient to −1, due to a 180˚ phase inversion caused 
by the step signal. The estimated frequency remains around the 50 Hz threshold, 
with some oscillations visible after the GPS signal to the PMU is removed. 

The estimated frequency curve of Figure 14 is relatively constant throughout 
the entire signal duration, except after the 1.7 s mark, where some visible oscilla-
tions appear due to the withdrawal of the GPS signal.  
 

 
Figure 14. Estimated frequency at 50.00 Hz. 
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The estimated frequency curve in Figure 15 shows that for the 1 pu, 50.45 Hz 
vector input to the PMU, the estimated frequency remains close to the nominal 
50 Hz, even though the input vector is off-nominal. With an input frequency of 
50.45 Hz, the TVE is 0.9%, and the average correlation at this value is +1. There-
fore, the estimated frequency is considered 50 Hz during the period 0 - 0.8 s, in-
dicating a normal PMU response to the grid conditions.  

 

 
Figure 15. Estimated frequency at 50.45 Hz. 
 

 
Figure 16. Phasor magnitude at 49.55 Hz. 

 
At 0.787 seconds, a 1 pu step signal is applied to the PMU, causing a frequency 

spike of approximately 0.0000025. The frequency spike results in a TVE of less 
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than 0.1%. However, the correlation coefficient in Figure 4 obtained under the 
same conditions, drops rapidly to −1 due to the 180˚ phase inversion caused by 
the step signal. At 1.5 seconds, a spike of amplitude 0.000001 appears in the esti-
mated frequency, likely due to the delayed response of the PMU to the step signal. 
The estimated frequency remains around 50 Hz afterward, but some oscillations 
are visible after the GPS signal is withdrawn from the PMU.  

The estimated phasor magnitude of Figure 16 shows that for the 1 pu, 49.55 Hz 
vector input to the PMU, the estimated phasor magnitude rises from 0 and rapidly 
increases to 100, indicating a swift response to the change in the measured signal 
and remains fairly constant at approximately 100 pu, indicating steady-state op-
eration in the period, 0 - 0.8 s.  

The GPS signal to the PMU is removed after 1.6 s, and this is depicted on the 
graph by the sharp drop in the estimated phasor magnitude to zero, indicating a 
loss of synchronization. 

The estimated phasor magnitude of Figure 17 shows that for the 1 pu, 50.00 Hz 
vector input to the PMU, the estimated phasor magnitude rises from zero and 
quickly increases to 100, indicating a rapid response to the change in the measured 
signal and remains relatively constant at approximately 100 pu, indicating steady-
state operation during the period 0 - 1.6 s.  
 

 
Figure 17. Phasor magnitude at 50.00 Hz. 

 
The GPS signal to the PMU is lost after 1.6 seconds, as indicated by a sharp 

drop in the estimated phasor magnitude to zero on the graph, which signifies a 
loss of synchronization. 

The graph of Figure 18 shows that for the 1 pu, 50.45 Hz vector input to the 
PMU, the estimated phasor magnitude rises from 0 and rapidly increases to 100, 
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indicating a swift response to the change in the measured signal and remains rel-
atively constant at approximately 100 pu, indicating steady-state operation in the 
period, 0 - 0.8 s.  
 

 
Figure 18. Phasor magnitude at 50.45 Hz. 

 

 
Figure 19. Phase angle at 49.55 Hz. 

 
A sudden dip in amplitude to 65 units occurs in the period 0.79 - 0.81 seconds 

due to the application of the 1 pu step signal to the PMU. This transient event 
results in a TVE of 35%, corresponding to a correlation coefficient of −1, as shown 
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for the same input vector in Figure 18 above.  
The GPS signal to the PMU is lost after 1.6 seconds, which is shown on the 

graph by a sudden drop in the estimated phasor magnitude to zero, indicating a 
loss of synchronization. 

The graph in Figure 19 illustrates that, for the 1 pu, 49.55 Hz vector input to 
the PMU, the estimated phasor angle remains nearly constant and smooth, indi-
cating that the system is in steady-state and synchronized, with a phase angle ap-
proximately at 0 radians during the period 0 - 0.8 seconds.  

A sharp drop in the phase angle occurs after the step signal is applied at 0.787 s 
to the PMU, reaching a minimum near −π and indicating a rapid phase shift be-
tween 0.8 and 1.2 seconds. Then, the angle quickly increases, overshooting to about 
+π, revealing a transient oscillatory response from 1.2 to 17 seconds.  

System instability ensues after the removal of the 1.6s duration GPS signal, as 
can be seen from 1.7 - 2.0 s.  

The graph of Figure 20 shows that for the 1 pu, 50.00 Hz vector input to the 
PMU, the estimated phasor angle is almost constant and smooth, indicating that 
the system is in steady-state and synchronized, with the phase angle value approx-
imately 0 radians, in the period 0 - 1.7 s. The application of the step signal to the 
PMU at 0.787 s does not cause any significant measurement error to the phase 
angle. 
 

 
Figure 20. Phase angle at 50.00 Hz. 

 
System instability ensues after the removal of the 1.6 s duration GPS signal, as 

can be seen from 1.7 - 2.0 s.  
The graph in Figure 21 shows that, for the 1 pu, 50.45 Hz vector input to the 

PMU, the estimated phasor angle remains nearly steady and smooth, indicating 
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the system is in a steady state and synchronized, with the phase angle approxi-
mately 0 radians during the period 0 - 0.8 s.  
 

 
Figure 21. Phase angle at 50.45 Hz. 

 

 
Figure 22. Input vector frequency vs. average correlation coefficient. 

 
A sharp drop in the phase angle occurs after the step signal is applied at 0.787 s 

to the PMU, reaching a minimum near +π and indicating a rapid phase shift be-
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tween 0.8 and 1.2 seconds. After this, the angle quickly rises, overshooting to ap-
proximately −π, showing a transient oscillatory response from 1.2 to 17 seconds.  

System instability ensues after the removal of the 1.6 s duration GPS signal, as 
can be seen from 1.7 - 2.0 s.  

The graph in Figure 22 shows that the average correlation at 49.45 Hz is low at 
about 0.75, then steadily increases, reaching its peak in the range of 49.80 - 49.85 
Hz with a maximum correlation coefficient of 0.9974. Beyond this peak, the cor-
relation coefficient gradually declines to 0.7535 at 50.55 Hz. The graph is symmet-
ric around the 0.9974 peak, indicating a smooth system response near the optimal 
operating point. The highest correlation zone is approximately between 0.996 and 
0.997, covering a narrow band just below the 50 Hz threshold, which represents 
the most reliable region for the system. Outside the 49.60 - 50.30 Hz range, the 
correlation decreases more rapidly, showing a fall-off in system performance [8]. 

5.1. Frequency Ramp Test 

In Table 1, the TVE measurements obtained for different frequency ramp test 
values are presented. The tests for the frequency were conducted within ±0.45 Hz 
deviations, with a “0 - 0.8” range reported in the table. The TVE% was nearly 0%, 
with minor spikes (0.004% - 0.006%) in the range ±0.15 to 0.25 Hz, results that 
are well within the IEEE 37.118 standards’ ≤ 3% TVE limit. The readings for the 
Correlation Coefficient (CC) were exactly 1, indicating perfect linear correlation 
between measured and reference signals. The Frequency Error (FE) and the Rate 
of Change of Frequency (RFE) reached maximum values of 0.004 Hz and 0.004 
Hz/s, respectively, indicating a steady ramp free of unexpected frequency spikes. 
The Phasor Magnitude remained constant at 100 pu throughout the tests, and the 
Phase Angle error was consistently small (±0.05 rad), symmetrical for positive and 
negative ramps.  

 
Table 1. Compliance signals.  

Test condition 
Range 
(Hz) 

Period TVE% 
Correlation 
coefficient 

(CC) 

Frequency 
error (FE) 

Rate of change of 
frequency (RFE) 

Hz/s 

Phasor 
magnitude 

Phase angle 
error (PAE) 

Frequency ramp −0.45 0 - 0.8 0 1 0.0039 0.0039 100 0.05 

 −0.35 0 - 0.8 0 1 0.0033 0.0033 100 0.05 

 −0.25 0 - 0.8 0 1 0.0031 0.0031 100 0.04 

 −0.15 0 - 0.8 0.004 1 0.002 0.002 100 −0.05 

 0 0 - 0.8 0 1 0 0 100 0 

 +0.15 0 - 0.8 0.004 1 0.002 0.002 100 −0.05 

 +0.25 0 - 0.8 0.006 1 0.003 0.003 100 −0.04 

 +0.35 0 - 0.8 0 1 0.0032 0.0032 100 0.04 

 +0.45 0 - 0.8 0.1 1 0.004 0.004 100 0.05 

IEEE 37.118   3%  0.005 0.01   
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Continued 

Step change 1 pu 0.78 - 1.6 1.2 −1 0.6 0.5 100 −π, π 

 1 pu 0.78 - 1.6 1.1 −1 0.55 0.55 100 −π, π 

 1 pu 0.78 - 1.6 1 −1 0.5 0.5 100 −2.6 

 1 pu 0.78 - 1.6 0.8 1 0.4 0.4 100 −1.6 

 1 pu 0.78 - 1.6 0 1 0 0 100 −0.02 

 1 pu 0.78 - 1.6 0.8 1 0.4 0.4 100 1.5 

 1 pu 0.78 - 1.6 0.8 −1 0.5 0.4 100 2.5 

 1 pu 0.78 - 1.6 1.1 −1 0.55 0.5 100 π, −π 

 1 pu 0.78 - 1.6 1 −1 0.6 0.6 100 π, −π 

IEEE 37.118   0.595  0.869 1.038   

No GPS 1 pu 1.6 - 2.0 ≈0 0.78 0 0 0 2.6 

 1 pu 1.6 - 2.0 0 0.76 0 0 0 2 

 1 pu 1.6 - 2.0 0 0.76 0 0 0 2 

 1 pu 1.6 - 2.0 0 0.75 0.04 0.04 0 2.8 

 1 pu 1.6 - 2.0 0 0.75 0.02 0.02 0 3 

 1 pu 1.6 - 2.0 0 0.75 0.02 0.02 0 2.8 

 1 pu 1.6 - 2.0 0 0.76 0 0 0 2.4 

 1 pu 1.6 - 2.0 0 0.76 0 0 0 2.4 

 1 pu 1.6 - 2.0 ≈0 0.78 0.6 0 0 2.4 

IEEE 37.118   1%  0.005 0.01 Hz/s   

5.2. Magnitude Test 

The subsequent range, 0.8 to 1.6 seconds, depicts dynamic grid conditions, mag-
nitude error, and frequency ramp, with the CC varying from −1 to +1. In this 
region, the maximum TVE is 0.595%, as specified in IEEE 37.118 standards. The 
TVE remains between 0% and 1.2%, which is below the IEEE 37.118 standard 
limit of 0.595% for dynamic step conditions. The correlation coefficient (CC) os-
cillates between 1 and −1, where a negative CC indicates phase reversal after a step 
change, i.e., (π rad or 180-degree phase shift). The Frequency Error (FE), ranging 
from 0 to 0.6 Hz, complies with IEEE 37.118 standards for dynamic response. The 
RFE and FE show similar magnitudes, mainly due to the lack of sudden frequency 
spikes, measured between 0 and 0.6 Hz/s for the RFE. The Phasor Magnitude re-
mains constant at 100 pu, and the PAE oscillates up to ±π radians, as expected for 
the magnitude step test. Negative CC values indicate polarity reversals (phase 
shifts of approximately π rad), and FE demonstrates that the PMU handles signif-
icant phase jumps without exceeding frequency error limits. In conclusion, the 
DFT-ADALINE algorithm fulfills IEEE requirements for step change magnitude, 
FE, and RFE. 

5.3. GPS Failure Test 

The GPS failure tests show that the TVE is nearly zero, indicating that magnitude 
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and phasor tracking did not significantly drift despite the GPS failure. However, 
the Correlation Coefficient (CC) ranged from 0.75 to 0.78, which is below 1, con-
firming that the GPS is not locked to the PMU. The FE and RFE are minimal 
values, such as 0.02 and 0.04 Hz, caused by degraded timing accuracy. The Phasor 
Magnitude is zero, and the PAE ranged between 2 and 2.8. The results for FE, 
RFE, TVE, Phasor Magnitude, PAE, and CC confirm a loss of synchronization. 
The phase angle instability suggests that the PMU is operating without GPS. Since 
the CC is less than 1, it indicates that the PMU would not pass the IEEE compli-
ance test. Including the RTC in the final PMU design helps compensate for the 
GPS failure in the prototype.  

6. Limitations of the Study 

This study faced several limitations that should be acknowledged. The DFT-ADA-
LINE algorithm was run on theoretical microcontrollers imbedded in MATLAB/ 
Simulink in which the microcontroller processing latency that is likely to occur in 
the prototype was not analyzed. Further, we were unable to simulate real noise 
experience of the power grid in MATLA/Simulink to precisely assess the perfor-
mance of the DFT-ADALINE algorithm. Despite these limitations, the perfor-
mance of the algorithm against the power grid conditions that were simulated was 
within the prescribed thresholds of the IEEE 37.118 standards. 

7. Conclusions 

In conclusion, the DFT-ADALINE algorithm meets the IEEE standards for step 
change magnitude, FE, and RFE. The minor PAE adjustments align with the ex-
pected phase shift during frequency ramps, and the High CC indicates excellent 
tracking performance. During the frequency ramp test, the CC stayed at one, 
which perfectly matches the values obtained for FE, RFE, Phasor Magnitude, PAE, 
and TVE.  

Furthermore, for the magnitude test, the CC is set to 1 under normal grid op-
erating conditions and −1 during abnormal grid conditions, which aligns with the 
values obtained for the FE, RFE, Phasor Magnitude, PAE, and TVE.  

Finally, the CC is below 0.78 for the GPS signal loss, which corresponds with 
the out-of-range values for the FE, RFE, Phasor Magnitude, PAE, and TVE.  

The results from Figure 22 show that CC values between 0.8 and 1 indicate 
normal grid operating conditions, while those below 0.8 indicate abnormal con-
ditions. Therefore, the CC can be used as a single reference measurement to pre-
dict grid operation in dynamic situations. This finding is useful for implementing 
the PMU in the power system’s distribution network, where operating conditions 
are highly variable. It simplifies monitoring by reducing the number of control 
parameters needed to assess the grid’s state and provides a clear indicator for de-
termining operational conditions.  

This study shows how a single PMU measurement parameter, the correlation 
coefficient, can predict the behavior of the power grid under dynamic conditions 
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and be used to trigger adjustments to grid voltage and frequency. It also greatly 
simplifies the fault detection logic of the power system and cuts down on compu-
tation delays.  

It is recommended to implement the DFT-ADALINE on hardware to test its 
performance in a real power system environment.  
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