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This paper presents an automatic monitoring algorithm of power quality
(PQ) voltage events. The proposed algorithm is based on using the
recursive self-tuning least squares technique for the estimation of the
magnitude, frequency and phase of the PQ voltage signal components.
The monitoring process is divided into two stages: detection stage and
classification stage. The PQ voltage events detected and classified are
interruption, voltage sags, undervoltage, overvoltage, and voltage swells.
Generated signals using parametric equations and simulated signals
using electromagnetic transient program (EMTP-ATP) is used to test the
validity and efficiency of the proposed practical method for automatic
monitoring of PQ voltage events. Event inception and end as well as
duration are estimated in the detection phase. The results obtained show
the very high accuracy of the proposed method.
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1. INTRODUCTION

Nowadays power quality (PQ) has gained renewed interest and has become of great
importance for the utilities and its customers due to dramatically increase of using
nonlinear loads, power electronic equipment and sensitive computerized equipment as
well as industrial drives. Such new loads are extremely affected by the quality of the
supply voltage. Short duration power quality (SDPQ) voltage disturbances are the most
frequent cause of a broad range of system equipment maloperation or even failure of
sensitive control and protective equipment.

IEEE Std. 1159 [1] definition of the SDPQ voltage events is as follows:
Interruption is a complete loss of voltage (<0.1pu) on one or more phase conductors for
a time period between 3s and 1min. Notch is sudden reduction of the normal power
voltage waveform lasting less than 0.5 cycles. Overvoltage refers to a measured
voltage having a value greater than the nominal voltage for a period of time greater
than 1 min. Typical values are from 1.1pu to 1.2pu. Undervoltage refers to a measured
voltage having a value less than the nominal voltage for a period of time greater than
Imin. Typical values are from 0.8pu to 0.9pu. Sag is a decrease to between 0.1pu and
0.9pu in rms voltage at power frequency for durations of 0.5cycles to 1min. Typical
values of sags are 0.1pu to 0.9pu. Swell is an increase in rms voltage to 1.1pu and
1.8pu at power frequency.
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Robust and accurate automated techniques for detection and classification of
the SDPQ voltage disturbances are of primary importance before the implementation
of mitigating methods to enhance the quality of the power supplied. The advances in
signal processing techniques and transform theories open up to new methodologies and
techniques in automatic detection and classification of SDPQ disturbance voltage
waveforms and a number of automated methodologies for monitoring and classifying
SDPQ disturbances have been published over the last decade. The Fourier transform
(FT) [2] has been used as features extraction technique. However, FT alone is not
sufficient for capturing short-term transients due to the transient natures of most PQ
and its constant bandwidth. Although the short-time Fourier transform (STFT)
technique [3] was implemented to mitigate the problem associated with the FFT
technique, it requires a significant amount of computation resources and its fixed
window width imposes limitations for the analysis of low-frequency and high
frequency nonstationary signals.

The wavelet transform (WT) [4] — [8] as an alternative to STFT is effectively
used for providing an automated detection and classification of PQ disturbances
especially nonstationary voltage and current waveforms. Wavelet transforms including
continuous wavelet transform (CWT) and discrete wavelet transform can be effectively
used for extracting the features of PQ disturbances; however its capability of
delectation and classification PQ disturbances is degraded with noise and affected by
the chosen basis wavelet. The S-transform [9] — a modified version of the wavelet
transform or a variable window short-time Fourier transform is integrated with spline
wavelet [10], fuzzy logic-based pattern recognition [11], rule-based decision tree [12],
k-nearest neighbor (KNN) technique [13], or probabilistic neural network [13] to detect
and classify PQ events. The KNN wavelet transform classifier has been utilized for
classifying nine types of PQ events [13]. 500 generated data points represent each type.
Wavelet multiresolution analysis (MRA), S-transform (ST), Clarke transformation
(CT), and Discrete Hilbert transform (DHT) are used for extracting seven features. The
classification accuracy of each type of events is from 50% to 100% for KNN-CT and
from 52.8% to 100% for KNN-HT.

Mishra [14] has classified eleven simulated classes of PQ events by using PNN
and compared with a feedforward multiplayer (FFML) neural network and learning
vector quantization (LVQ) neural network. S-transform has been used for extracting
four features based on the standard deviation and energy of the transformed signal. The
overall classification accuracy of LVQ and FFML degrades with increasing the number
of data points whereas of PNN the overall accuracy increases to 98.64% for 50 data
point of each event. On the other hand, the overall accuracy of PNN under noisy
environment degrades to 93.2%.

Recently, support vector machine (SVM) neural network and radial basis
function (RBF) networks are proposed [15]-[16] for classifying six PQ events. Clark
transform is used for extracting the features of three-phase signals.

Unlike these efforts, the proposed is based of tracking the amplitude,
frequency and phase of the power frequency component and the higher order
components of the SDPQ voltage signals. The amplitudes of the components are used
to estimate the true instantaneous rms of the SDPQ voltage signal. The fundamental of
adaptive self-tuning least squares is described in Section 2. Signal modeling and
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detection and classification scheme are introduced in Section 3. The simulation results
are presented in Section 4.

2. ADAPTIVE MONITORING ALGORITHM

The voltage signal measured at the point of common coupling of a distribution system
contains a significant power in the low order harmonics with varying amplitude
depending on the load conditions and the degree of disturbances occurance The
voltage signal digitized at the point of the measurement can be modeled as:

M
v(t)=Ve 7+ kzvksinq(wt +@) +<(t)
=1

M M
=Voe 7+ XV prsinkat) + 3V gkcoskat). (1)
k=1 k=1

The decaying dc component magnitude is v, at t = 0 and 7 is the time
constant. M is the highest order of the harmonic presented in the signal. o is the
fundamental angular velocity. v is the magnitude of the kth harmonic. v, and
V gk are the orthogonal components of the kth harmonics, and ¢, is the phase angle of

the kth harmonic. In order to avoid nonlinear estimation, the first two terms of Taylor
series expansion has been applied to the decaying dc component. Due to the
nonlinearity in the signal frequency, sinket) andcoskat) is also expanded in the

neighborhood of an expected value of @ = @,. The linearized form of the voltage
waveform can be expressed by:
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The model order, determined by M, is 4M+2. Now (2) can be written in matrix form
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The present error £'(n)at the nth iteration is defined to be the difference

between the voltage measured sample v(n) and the linear output valueo(n). Having
the signal digitized with a sampling frequency f (=1/T ;Hz, the estimated linear output



138 Mansour A. Mohamed

value of the digitized voltage waveform can be estimated at each instant of time t, =
(n-1) T, by the following form:

A am+
v(n)=w" (NX(n)= k;(;Nk(n) xk () ()

where \A/(n) is the estimated linear output at the nth sample of the voltage waveform.
w' is the transpose of the weight vector w , with the elements defined by (4) and X
is a (AM+1) coefficient vector, with the elements defined by (4). Having the weight

vector yw , the magnitude, phase and frequency of the measured voltage signal can be
obtained as follows:

Vo:WO;T:Wo/WL (6)
Vik= \/W21+k + W21+k+M ' (7)
oy = tan—l(Wl+k+M ] , (8)
W1tk
Aw = Wi+k+2M , (9)
Wi+k
=@y + Ao . (10)

The tuning parameter o is used in the algorithm to accelerate or decelerate the
tuning process of the algorithm. This tuning factor is adaptively estimated based on the
sum of the absolute values of the residual errors. The tuning parameter can be
expressed in the following form [17]:

05=ao+(a1_ao)(1_eiR/Ro) (11)

where g, a4, and R, are the tuning parameters. The weight vector, W, is updated by
using the adaptive RLS rule,

W(n+1) = W(n) + u&(n)X(n) (12)

where g is an acceleration factor . Therefore, the error is reduced by u as the weight
vector is changed.

3. SIGNAL MODELING

To test the performance of the proposed detection and classification technique, five
SDPQ voltage events are generated by parametric equations and EMTP-ATP
simulation program [18]. The generated signals using parametric equations or signals
originated from ATP-EMTP are sampled at 256 sample/cycle for power frequency of
50 Hz with varying window size for detection and classification. For all generated
events the disturbances start after the first cycle. The amplitude and duration variations
of the generated SDPQ events are listed in Table I.

The three-phase distribution network as shown in Fig. 1 is modeled in EMTP-
ATP to obtain different SDPQ voltage events. All voltage sags, undervoltage, and
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interruption generated are due to faults. Four types of faults are simulated which are:
single-line-to-ground fault (SLGF), line-to-line fault (LLF), double-line-to-ground
fault (DLGF), and three-phase-to-ground fault (3PGF). The fault type, location, and
resistance are randomly selected as well as the initial time of the fault. Load rejection
and capacitor switching are simulated for the purpose of obtaining voltage swells and
overvoltage data.

TABLE |
TYPICAL AMPLITUDES AND DURATIONS OF SHORT DURATION POWER QUALITY
EVENTS
Event Amplitude Duration
Sags 0.1pu to 0.9pu | 0.5cyclesto 1 min
1.l1putol.2pu 0.5 cycles to 1 min
Swells 1.1putol.4pu 0.5cyclesto 3 s
11putol.8 0.5cyclesto 0.6 s
Overvoltages 1.1puto 1.2pu > 1 min
Undervoltages 0.8 puto 0.9 pu > 1 min
Interruption <0.1pu 3stolmin

=E
]

Wave-imp

Fig. 1: ATP Draw connection circuit.

4. Simulation Results
4.1. Detection stage

A sample of the studied cases is presented to illustrate the effectiveness of the method
to detect SDPQ voltage events. A double-line-to-ground fault through a 0.5 Q fault
resistance occurred at the receiving end of the transmission line (L2) in the system
shown in Fig. 1 at 0.6055s and cleared at 0.8066s. The faulted phases “a” and ‘B’
experience voltage sag, while the unfaulted “C” phase experience a voltage swell. Fig.
2 shows the normalized voltage signals of phase “A” at the end of L1 and the estimated
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voltage amplitude and the estimated frequency variation. The algorithm detects and
characterizes the signal as sag at 0.608 s in 2.5ms. The event is confirmed sag at
0.694 s. the end of the event is detected at 0.838s.

Figure 3 shows the normalized voltage signals of phase “B” at the end of L1
and the estimated voltage amplitude and the estimated frequency variation. The
algorithm detects and characterizes the signal as interruption at  0.673s in 67.5ms,
which is the confirmed time for this event. The end of the event is detected at 0.762s.
The event status is changed to sag at that time and event ends at 0.848s.

Figure 4 shows the normalized voltage signals of phase “C” at the end of L1
and the estimated voltage amplitude and the estimated frequency variation. The
algorithm detects and characterizes the signal as swell at 0.6068s in 1.3ms and
confirmed swell at 0.6141s. The event is characterized to be medium swell at 0.624.
The end of the medium swell event is detected at 0.7248s. The event ends at 0.863s.
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Fig. 2: Normalized voltage sag. (a) Voltage waveform of phase “A due to DLGF. (b) The
estimated voltage amplitude using adaptive STLS. (c) Frequency variations.
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Fig. 3: Normalized voltage interruption. (a) Voltage waveform of phase “B” due to DLGF. (b) The
estimated voltage amplitude using adaptive STLS. (c) Frequency variations.
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Fig. 4: Normalized voltage swell. (a) Voltage waveform of phase “C” due to DLGF. (b) The estimated
voltage amplitude using adaptive STLS. (c) Frequency variations.
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4.2. Classification stage

The features of the automatic classification process of the five SDPQ voltage
disturbances are based only on the amplitude variations and the duration of these
events, which are specified in Section Ill. The classification results of a total of 500
generated cases using parametric equations are shown in Table Il with 100 cases for
each type of the five-SDPQ events. The diagonal elements represent correctly
classified SDPQ voltage events. Off-diagonal elements represent the misclassification.
The overall accuracy of correct classification is the ratio of correctly classified events
to that of the total number of events. Considering only 25 cases for each type, the
overall classification accuracy obtained is 98.4%. For higher number of cases, 100 case
for each type of a total of 500 cases the overall accuracy degrades to 97% as illustrated
in Table II.

TABLEII
CLASSIFICATION RESULTS OF THE GENERATED EVENTS

Number of analyzed cases for each type

Event 25 50 75 100
Sags 25 50 74 08
Swells 25 49 74 99

Interruption 24 49 72 93
Overvoltage 25 50 75 100

Undervoltage 24 48 71 95
Overall accuracy | 98.4% | 98.4% | 97.6% | 97%

Automatic classification of generated SDPQ signals given by parametric
equations delivered satisfactory results. However, the influence of noise and fault
resistance required further research. A model of a three-phase distributed system is
built in EMTP-ATP environment. The model of the distribution system is shown in
Fig. 2. The system is working at 24 kV, 50Hz. The distributed lines L1, L2, and L3 are
typical overhead lines with lengths of 3 km, 3km, and 5 km, respectively. The short
circuit occurs at the end of the line L1.

During the investigations, different cases for every fault type and load
shedding or capacitor injection were simulated, to cover a wide range of possible
configurations in real power systems. The influence of the duration time of a fault and
the length of the faulted line on the classification of SDPQ were the area of interest.
Different short-circuit times were applied. The duration of a fault varied between 0.01—
1.1s. 72 cases for each type of SDPQ events with a total of 360 cases are extracted for
the classification purposes. The classifier should recognize SDPQ events independently
from the amplitude and duration.

The classification results of the simulated events using EMTP_ATP program
listed in Table 11l shows that the accuracy is 98.9% for 18 cases of each type. The
classification results of the combined generated and simulated cases are tabulated in
Table IV. The classification accuracy of the algorithm for each type of SDPQ event is
shown in Table V. The overall classification accuracy is about 96.9%.



AUTOMATIC MONITORING ALGORITHM OF POWER...... 143

TABLE IlI
DETECTION RESULTS OF THE SIMULATED EVENTS USING EMTP

Event Number of analyzed cases for each type
18 36 54 72
Sags 18 34 52 69
Swells 18 36 54 72
Interruption 17 33 50 67
Overvoltage 18 35 53 70
Undervoltage 18 35 51 71

Accuracy 98.9% | 96.1% | 96.3% | 96.9%

TABLE IV
CLASSIFICATION RESULTS OF THE GENERATED AND SIMULATED EVENTS
Sags Swells | Interrup. | Over-V | Under-V
Sags 167 0 3 1 1
Swells 0 170 0 2 0
Interrup. 8 0 160 0 4
Over-V 0 2 0 170 0
Under-V 6 0 0 0 166
Accuracy 97.1% 98.8% 93% 98.8% 96.5%

TABLE V
CLASSIFICATION ACCURACY
Accuracy | Sags | Swells | Interrup. Over-V Under-V
Generated 98 99 93 100 95
Simulated | 95.8 100 93.1 97.2 98.6
Overall 97.1 98.8 93 98.8 96.5

5. CONCLUSION

This paper attempts to propose a new method for detection and classification of five
common types of SDPQ voltage disturbances. The proposed method is based on
adaptive STLS algorithm for tracking the voltage signal amplitude, frequency and
phase. The amplitude and duration estimated are used as features for detecting and
classifying the SDPQ voltage event. The results from generated and simulated cases
during the detection process show the ability of the algorithm to detect SDPQ voltage
disturbance within a quarter cycle. It is observed that the proposed method correctly
classifies the SDPQ voltage disturbances with high accuracy. The classification result
shows that the overall accuracy is greater than 96.5%.
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