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Abstract. For the development of smart grid, the effective detection of voltage events is a very important
task for the power system monitoring. Voltage sags, interruptions, and voltage swells which usually produce
large losses in commercial and industrial consumers are the main events in power systems due to the
sensitivity of equipments to these voltage variations. In this paper, a hybrid detection method for voltage
events by combining the wavelet analysis and adaptive linear combiner (ADALINE) is proposed. The
usefulness of the proposed algorithm is demonstrated by a simple laboratory setup with LabVIEW program
and actual recorded waveforms. With the help of accurate time locating of the wavelet analysis and correct
event classification of ADALINE, power system monitoring could provide accurate and useful information
to power grids via the developing advanced metering infrastructure.

lintroduction

With the development of energy policy, digital control,
and system security, the traditional power system
gradually can not provide the high power quality and
system reliability. Therefore, the concept of smart grid
has been proposed to meet these new requirements
through  integrated = communications,  advanced
components, advanced control methods, sensing and
measurement, and improved interfaces and decision
support [1], [2].

Since the technology of advanced metering
infrastructure (AMI) is the fundamental early step to grid
modernization, the accurate and efficient monitoring of
power quality and system states becomes a crucial task
[3]. Among the numerous power quality disturbances,
the voltage events are the most serious problems.
Voltage sags, interruptions, and voltage swells which
usually produce large losses in commercial and
industrial consumers are the main events in power
systems due to the sensitivity of equipments to these
voltage variations. From the definition of IEEE Std.
1159-2009, the voltage sags are the sudden reductions
(between 10% and 90%) of the root-mean-square (RMS)
voltage at a point in the electrical system [4]. The
duration of the voltage sags is usually from 0.5 cycles to
several seconds. The voltage sags may be caused by
switching operations associated with a temporary
disconnection of supply, the flow of heavy current
associated with the start of large motor loads or the flow
of fault currents. These events may come from
customers’ systems or from the supply network. On the
contrary, the voltage swells are the brief increases in the
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RMS voltage, which sometimes accompany with the
voltage sags. Such phenomena usually appear on the un-
faulted phases of a three-phase circuit that has developed
a single-phase short circuit. When the load is suddenly
rejected from the power system, the swells may also be
present. The interruptions can be considered as the
special case of voltage sags with almost 100% voltage
drop. The cause of interruptions may be a blown fuse or
breaker opening and leads to a significant shutdown. In
order to prevent such effects, the analysis of voltage
events and the development of strategies for protection
of equipment have been of great concern in recent years.

In general, the analysis for the voltage events can be
roughly divided into two categories: detection and
classification, as shown in Fig. 1. The detection process
is designed to identify the occurrences of events and
trigger the corresponding automation and protection
mechanisms. The classification process is mainly used to
identify the types of events according to different
properties of power quality disturbances.

According to IEEE Std. 1159-2009, the RMS
magnitude of voltage supply is the standard method to
detect and characterize the voltage events. The voltage
events can be detected after a period of window data has
been processed [5]. However, if the sampling rate could
not make the number of samples per fundamental cycle
integral, rounding the analysis window off would cause
the estimation errors. Besides, the short time Fourier
transform is another commonly used technique to track
the RMS magnitude of voltage by introducing the shorter
analysis window [6]. Although the detection with RMS
values of voltage supply is a simple and easy-to-
implement approach, it is not able to realize the points
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Fig. 1. Analysis procedure of voltage events.

on the power signal where the voltage event starts and
ends. This limitation would deteriorate the estimation of
event durations and lead to incorrect operations of
protective devices.

Because the window-based methods are suitable for the
analysis of voltage events rather than detection, some
adaptive filtering techniques are proposed to solve this
problem. A phase-locked loop based method is
implemented for the detection of voltage sags in the real-
time manner [7]. The automatic detection and analysis of
voltage events are made through the Kalman filter-based
method [8]. A fuzzy expert system based on ADALINE
is used for the classification of power system
disturbances [9]. However, these adaptive approaches
always suffer from the numerical stability and
computational burden. In addition, the problem of
convergence in the detection procedure would make
identification of time when events start and end difficult.

In recent years, the wavelet analysis has been proved
to be a useful technique for the detection of voltage
events [10]-[15]. When the event starts or ends,
significant singular points often associated with sudden
changes in power systems are present. The wavelet
analysis provided the multi-resolution is a powerful tool
for the locating of the singular signals. With the dyadic
analysis structure of wavelet, the singular signals can be
separated from those normal ones. Though the wavelet
analysis only could achieve the detection of votlage
events, identification of events needs to be further
processed. Therefore, many advanced methods are
proposed to solve this problem, such as neural network,
fuzzy, and hidden Markov model. However, these
techniques usually take many computational operations
and need data training.

In this paper, a hybrid detection method for voltage
events by combining the wavelet analysis and
ADALINE is proposed. Different from the window-
based calculations in the standard RMS method, the
ADALINE method could track the signal recursively.
Since the estimation model in the ADALINE is
expressed with the Fourier series, the instantaneous RMS
value at each time instant can be easily obtained via the
gradient descent method. With the help of accurate time
locating of the wavelet analysis and correct event
classification of ADALINE, power system monitoring
could provide accurate and useful information to power
grids via the developing AMI. The organization of this
paper is as follows. In section 2, the hybrid technique for
the analysis of voltage events is proposed. To verify the
performance of proposed method, a design of the virtual
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instrument is built and some comprehensive case studies
are investigated in section 3.

2Proposed hybrid method

To characterize voltage disturbances, sinusoidal models
are the most suitable ones. For a measured signal v, its
discrete-time form, y(n), of finite length N sampled at the
time interval At can be represented by H sinusoidal
components with noises as

y(n) = gah cos(NwpAt + g ) +w(n) 1)
h=1

where @h is the amplitude, ?h s the initial phase angle,

@h =Nx2781 i the radian harmonic frequency of h™"
harmonic component, and w(n) represents the additive
white noise. For the analysis of voltage events, the
harmonic components are usually ignored, as given in
).

y(n) = a1 cos(an At + ¢y ) + w(n) (2)

For discussing the performance of analysis methods,
wavelet analysis and ADALINE are firstly reviewed.
Then, the hybrid method by combining the advantages of
these two approaches is introduced.

A. Wavelet Analysis

Wavelet analysis is a powerful tool to provide a set
of sub-band filters for the signal decomposition. With
the characteristic of the short-duration oscillating
waveforms with zero mean and fast decay to zero
amplitude at both ends, the multiresolution analysis can
be performed, as shown in Fig. 2 [11]-[14].
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Fig. 2. Multiresolution decomposition structure of wavelet
analysis.
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Fig. 3. Detection of voltage events with the wavelet analysis: (a) waveform of sag; (b) waveform of swell; (c) waveform of

interruption; (d) detection result of sag; (e) detection result of swell; (f) detection result of interruption.

Without estimating the RMS value of the signal, such
method performs the detection by observing the residual
values between the analysis model and the actual signal.

Wom—_1 = am COS@y , and Woy, = ap, Sindy, . Equation
(3) can be rewritten as

T
When the event starts or ends, the singular signal y(n)=w" (n)-x(n) (4)
samples would cause significant estimation errors in the

: : . where
analysis model. Therefore, the time location of events
can be detected more accurately thgn t_he tradit_ional [ owy ] [ cos@y |
window-based methods and adaptive filtering techniques. W _sing
For the signals of voltage sag, swell, and interruption, it .2 )
is easily found that the residual method can effectively wn)=| and x(n) = : ®)
detect the sFarting and ending time of Fhe events, as WoM —1 cos O
shown in Fig. 3. However, the categories of voltage | Wom —sindy |

events are not able to recognize. Therefore, it is
necessary to find an efficient approach to solve this
problem.

B. ADALINE Detection Method

ADALINE is an adaptive filter used for noise
canceling or signal extraction. In recent years, this
method has been widely used in the area of power
quality studies. ADALINE is generally used for the
harmonic analysis by expressing the discrete form of the
estimated signal y in (1) as

y(n)

M
= Y apy cos(2zamfinAt + ¢y, )
m=1
M _ _ @)
= (an CoS ¢, COS 2zmfyNAL — &g, Sin gy, Sin 2zmfinAt)
m=
M -
= X (Wom-1 €OS Gy — Wo Sin Oy)
m=1
where M is the estimation order represented the number
of  considered  harmonics, 6y =2afimnAt
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are weight and input vectors of ADALINE, respectively.
By minimizing the estimation error with the gradient
descent method, the amplitude and phase angle of the m™
harmonic are obtained by calculating

2 2
am =yWo_1 T Wop, (6)
_ W
¢m = tan 1[—2““ ] (7)
Wom-1

Since the harmonic components are usually ignored
in the analysis of voltage events, the estimation order M
would be simplified to be one. Due to the adaptive
solution procedure in such detection mechanism, the
convergence associated with the learning parameters
(step sizes) would interfere with the accuracy of time
locating for the voltage events.

When the value of learning parameter is higher than
the suitable one, the detection result would cause the
overshooting effect, as shown in Figs. 4(a)-(c). Once the
value of learning parameter is set to be lower, the
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Fig. 4. Detection of voltage events with ADALINE detection method: (a) detection result with overshooting effect for sag in Fig. 3(a);
(b) detection result with overshooting effect for swell in Fig. 3(b); (c) detection result with overshooting effect for interruption in Fig.
3(c); (d) detection result with low numerical convergence for sag in Fig. 3(a); (e) detection result with low numerical convergence for
swell in Fig. 3(b); (f) detection result with low numerical convergence for interruption in Fig. 3(c).

duration in Figs. 4(d)-(f) to achieve the numerical
convergence may take more time. Such effect would
deteriorate the time resolution for the locating of events.
The same characteristic of ADALINE with traditional
RMS estimation method is that the determination of
threshold for the event classification is simple and
convenient according to the definition in IEEE Std.
1159-2009, as given in Table 1 [4].

Table 1. Categories and typical characteristics of sags, swells,
and interruptions [4]

. . . Typical voltage
Categories Typical duration magnitude
Instantaneous Sag| 0.5 - 30 cycles 0.1-09pu
Instantaneous
Swell 0.5 - 30 cycles 1.1-18pu
Momentary
. Interruption 0.5 cycles - 3 sec <0.1lpu
Short duration | Momentary Sag | 30 cycles-3sec | 0.1-0.9pu
variations - [Momentary Swell| 30 cycles-3sec | 1.1-1.4pu
Temporary 1 i
Interruption 3 sec -1 min <0.lpu
Temporary Sag 3 sec -1 min 0.1-0.9 pu
Temporary Swell | 3 sec - 1 min 11-12pu
Interruption, .
! > .
Long duration sustained 1 min 0.0pu
variations Undervoltages > 1 min 0.8-09pu
Overvoltages > 1 min 1.1-12pu

C. Proposed Hybrid Method

Since the residual method only can determine the
time positions of event appearances, the classification
method is usually necessary to make the power quality
analysis. The artificial neural network (ANN), fuzzy
theory, and the clustering method are the commonly
used techniques foe event classification. In general, these
methods are based on the pattern identification.
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Therefore, the data for the training process are usually
necessary. The training data can be obtained directly
with the power quality disturbances or with the features
from the detection methods. However, the performance
of classification is usually dependent on the extracted
features. In addition, the speed of convergence and
accuracy of classification in the ANN-based schemes are
affected by the signal-to-noise ratio. Therefore, the
definitions of dominant features, sizes of network or
clustering, threshold values for training and condition of
convergence, structures of classification algorithms, and
updating approaches for the training process are the
important factors to the performance of classification
and make the classification more complex and difficult
to debug.

The rule-based methods have attracted much
attention in recent years [16]. The usage of rule-based
methods could reduce the difficulty of modeling and
analysis of complicated systems. Rule-based methods
are suitable for incorporating the qualitative aspects of
human experience within the mapping laws [14].
However, these methods usually perform the
classification of events based on the detection features
empirically, such as the fundamental component, phase
angle shift, total harmonic distortion, number of peaks of
wavelet coefficients, energy of wavelet coefficients, and
lower harmonic distortion [16]. To facilitate the
determination of triggering thresholds for the
classification, the direct usage of quantities listed in
Table | is the most convenient and practicable way.
Therefore, a hybrid method combined with ADALINE
and the wavelet analysis is proposed in this paper to
provide the accurate disturbance analysis.
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Figure 5 represents the proposed hybrid analysis
process for detecting the voltage events. If the voltage
events are present, the detection of wavelet analysis will
be activated to perform the time locating of disturbances.
Once the triggering threshold is met, the analyzed RMS
magnitudes of ADALINE Agent Within the duration of

events Dgyent Will be extracted. Then, the classification

can be performed by comparing the extracted
information with the conditional rules listed in the
following.

Analysis Signal

v L
Time Locating
ADALINE .
Detection Method with Wav_elet
Analysis

A

Confirmation of
Disturbances with
Duration of Events

/ \

Trigger Power Quality

Events

Conditional Rules

Y

Classification
Results

Fig. 5. Proposed analysis process for the voltage events.
Rule 1:

If

1.1pu > max{Agyent (X), X esampleset within Dgyent}
and

min{Agyent (X), X esampleset within Dgyent}=0.9pu ,
then the classification of such event is normal.

Rule 2:

If  0.9pu>max{Agyent (X). X esampleset within Deyent}
min{Agyent (X), X esample set within Dgyent}=0.1pu

and  30cycles> Dgyent >0.5cycles ,  then  the
classification of such event is instantaneous sag.

Rule 3:

If  0.9pu>max{Agyent (X), X esampleset within Deyent}
min{Agyent (X), X esampleset within Dgyent}=0.1pu ,

and 3sec > Dgyent > 30 cycles, then the classification of

such event is momentary sag.

Rule 4:

If  0.9pu>max{Agyent (X), X esampleset within Deyent}
min{Agyent (X), X esampleset within Dgyent}=0.1pu ,

and 1min > Dgyent > 3sec , then the classification of
such event is temporary sag.

Rule 5:

If  0.9pu>max{Agsyent (X), X esampleset within Dgyent} -
min{Agyent (X), X esampleset within Dgyent} = 0.8 pu

and Dgyent >1min, then the classification of such event

is undervoltage.

Rule 6:

If 1.8 pu > max{Agyent (X), X esampleset within Dgyent}
min{Agyent (X), X esampleset within Dgyent}=1.1pu ,

and  30cycles> Dgyent >0.5cycles ,  then the
classification of such event is instantaneous swell.

Rule 7:

If 1.4 pu > max{Agyent (X), X esampleset within Dgyent}
min{Agyent (X), X esampleset within Dgyent}=1.1pu ,

and 3sec > Dgyent > 30 cycles, then the classification of

such event is momentary swell.

Rule 8:

If 1.2 pu > max{Agyent (X), X esampleset within Deyent}
min{Agyent (X), X esampleset within Dgyent}=1.1pu ,

and 1min > Dgyent >3sec, then the classification of
such event is temporary swell.

Rule 9:

If 1.2 pu > max{Agyent (X), X esampleset within Deyent}
min{Agyent (X), X esampleset within Dgyent}=1.1pu ,

and Dgyent >1min, then the classification of such event

is overvoltage.

Rule 10:

If 0.1pu > max{Agyent (X), X esampleset within Dgyent}.
and 3sec > Dgyent > 0.5cycles, then the classification
of such event is momentary interruption.

Rule 11:

If 0.1pu > max{Agyent (X), X esampleset within Dgyent}
and 1min > Dgyent >3sec, then the classification of
such event is temporary interruption.

Rule 12:

If  max{Aeyent(X), X esampleset within Dgyent}~0
and Dgyent >1min, then the classification of such event
is interruption, sustained.

Rule 13:

If Deyent <0.5cycles , then such event is falsely

triggered. Therefore, this false trigger would be
discarded and the process would keep waiting for the
next trigger.

It is observed that the threshold quantities for the
event identification are determined according to IEEE
Std. 1159-2009. The traditional problem of the residual
detection methods, which is unable to identify the types
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of events, can be resolved with ADALINE. Other
advantages of proposed solution mechanism are that the
calculations of specially defined features and training of
classification are not required. Therefore, the
computational burden can be reduced and the complex
determination of related parameters for the training is not
required.

3 Design of virtual instrument and case
studies

To verify the performance of proposed hybrid analysis
method for voltage events, a virtual instrument
implemented with LabVIEW is developed. The
graphical user interface of this analysis system is shown
in Fig. 6. After setting some parameters of system (i.e.
sampling frequency, number of extracted data samples,
etc.) in block A, the analysis of voltage events would be
activated by clicking the button of block B. Then, the
extracted waveform of power signal would be displayed
in block C. With the help of wavelet analysis, the time
locating of voltage events can be determined (block D).
Simultaneously, the ADAINE detection method (block
F) performs the analysis for the power signal in block C.
By capturing the detected RMS value within the duration
of voltage event (block E), the identification of event
categories can be performed with the conditional rules
addressed in section 11-C and the result will be shown in
block G. Finally, the users of this system could save the
analysis results, including waveform of analyzed signal,
locations of voltage event, detected RMS value, and
category of event, by clicking the button of block H. In
the following, several actual voltage events extracted
from substation of some power company are tested.

A. Detection of Sag

In the first case study, a voltage sag event is detected
through the wavelet analysis. Since the wavelet analysis
is sensitive to the noise, the residual coefficient of
wavelet is enhanced to help trigger of voltage event by
using the squaring method [17]. The reason is that the
singular points are high-frequency components when the
voltage events are present, so the information about
these points is decomposed into the detail coefficients of
high-frequency components in Fig. 2. In general, the
coefficients related to the singular signals are more
dominant than those with respect to the noise. Therefore,
the time locations of the events can be enhanced by
directly squaring the detail coefficients. From the
detection result of ADALINE, it is easily observed that
this power signal contains the voltage sag of 25%, as
shown in Fig. 7

B. Detection of Swell

In the second case study, a 0.2-sec waveform with
approximately 2.5-cycle voltage swell is investigated.
The starting and ending time of this voltage event can be
easily detected via the wavelet analysis. With the help of
analysis through ADALINE, the category of event can
be determined. Since the duration of event is

approximate 2.5 cycles and the analyzed signal is with
the voltage swell of 16%, it is convenient to identify that
the waveform in Fig. 8(a) is an instantaneous swell,
according to Rule 6 addressed in section 2-C and Table
1.

C. Detection of Interruption

For the final case study, a voltage interruption of
approximately 2.5 cycles is present in the analyzed
signal. According to the detection of the wavelet
analysis, the duration within the starting and ending time
would be used to help ADALINE identify the category
of event. From Figs. 9(a) and 9(b), it is found that the
duration of event is approximately 2.5 cycles and the
magnitude of voltage varies to 0.02 pu. As a result, this
power signal can be classified as the momentary
interruption based on the definition in Table 1 and Rule
10.

4Conclusions

In this paper, an efficient and useful method combined
with the wavelet analysis and ADALINE is proposed for
the analysis of voltage events. With the multi-resolution
of wavelet transform, the time locating of voltage events
can be easily determined. The drawback unable to
recognize the category of event in the wavelet analysis
has been solved with the combination of ADALINE. The
first benefit of this proposed analysis mechanism is that
the training of patterns for the voltage events is not
necessary. In addition, the empirical determination of
detection features for the classification of events can be
prevented. Finally, the rules for the event classification
can be conveniently adjusted according to the revision of
international standard. With the development of smart
grid, the proposed analysis technique for voltage events
can be used as a useful reference to the set-up of AMI.
Since the wavelet analysis is sensitive to the noise, a
more robust approach rather than the squaring method
may be necessary for the future work.
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