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Power Quality Disturbance Classification Using
the Inductive Inference Approach
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Abstract—This paper presents a novel approach for the classi-
fication of power quality disturbances. The approach is based on
inductive learning by using decision trees. The wavelet transform
is utilized to produce representative feature vectors that can accu-
rately capture the unique and salient characteristics of each dis-
turbance. In the training phase, a decision tree is developed for the
power quality disturbances. The decision tree is obtained based on
the features produced by the wavelet analysis through inductive
inference. During testing, the signal is recognized using the rules
extracted from the decision tree. The classification accuracy of the
decision tree is not only comparable with the classification accu-
racy of artificial Neural networks, but also accounts for the expla-
nation of the disturbance classification via the produced if… then
rules.

Index Terms—Decision tree, disturbance classification, moni-
toring techniques, power quality, wavelet transforms.

I. INTRODUCTION

POWER QUALITY monitors handle a large amount of
raw data, which renders analysis of power quality records

prohibitively expensive due to time and expertise. Therefore,
the automated classification of power quality disturbances has
become a significant issue especially in the deregulated era.
Recently, many automated systems for the classification of
power quality have been designed. The proposed systems are
based mainly on the artificial neural networks (ANNs) [1],
[2], template matching [3], dynamic time warping [4], hidden
Markov models [5], and rule-based systems, which rely on
the knowledge of an expert in the field [6], [7]. ANNs have
attracted a great deal of attention because of their inherent
pattern recognition capabilities and their ability to handle noisy
data. Template matching techniques rely on comparing the
unknown signal with a set of signatures, and selecting the class
of the signal according to the similarities of that signal and
the stored signatures. The time-alignment problem, as well as
the change of frequency, amplitude, and duration of the same
disturbance, adds to the difficulties of the template matching
task. Dynamic time warping and hidden Markov models are
introduced to overcome such difficulties. All the previously
mentioned techniques are data driven techniques, since they
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rely on data for training and storing suitable signatures for
the power quality disturbances. These data driven techniques,
although providing a reasonable classification errors, lack the
capability to explain the obtained results.

On the contrary, rule-based systems for power quality distur-
bance classification depend on the development of a set of rules
that describe the knowledge that is used by the human expert.
The human expert provides the reasoning behind the classifica-
tion decision. Then, a computer program is designed to incorpo-
rate the expert reasoning in the form of a set of rules. In [6], the
authors have used this concept to develop a rule-based system
to identify ten different power quality disturbances. However,
as the dimensionality of such problem increases, the inference
mechanism may become complicated, and additional rules may
be required to obtain the required classification accuracy. As the
authors have pointed out [6], the construction of such systems is
both costly and time consuming. Moreover, the obtained rules
rely mainly on features which are based on the statistical na-
ture of the values of the wavelet coefficients. These statistics
are function in both the wavelet that is used and the parameters
of the system under consideration, which means that the rules
must be adjusted every time the system configuration or param-
eters change. Also, obtaining the characteristics of the features
for similar and combined events is a tedious task.

In this paper, a data mining approach to generate a set of in-
ference rules by adopting a power quality disturbance database
is proposed. Since the system infer the classification rules di-
rectly from the data, this strategy combines the advantages of
a rule-based system and minimizes the cost and time associ-
ated with building such a system. This rule-based system can be
easily modified to accommodate any future change in the system
parameters. In this paper, the C4.5 machine learning algorithm
[8], [9]is used to generate the production rules in the form of
if…then rules.

The rest of this paper is organized as follows. The proposed
system is detailed in Section II.The wavelet transform multires-
olution analysis (MRA) for feature extraction is presented in
Section III. A detailed overview of inductive inference along
with a description of the C4.5 algorithm is given in Section IV.
The testing results are examined in Section V, and Section VI
concludes the paper.

II. SYSTEM ARCHITECTURE

The power quality automated classification system which
uses a decision tree is divided into the following stages: seg-
mentation, feature extraction, data reduction, and a decision
tree as shown in Fig. 1.
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Fig. 1. System architecture block diagram.

A. Disturbance Segmentation

The disturbance segments must be extracted from the dig-
itized voltage signal where the power quality disturbance oc-
curs before the classification process is run. This can be accom-
plished by implementing a tracking and detecting algorithm to
achieve a fast triggering of the classification schemes. For power
quality disturbances that are associated with sudden changes, a
modified Kalman filter can be employed to achieve this goal
[10]; for power quality disturbances, which are characterized
with relatively slow changes such as flickers, the Teager energy
operator [11] can be utilized. In this paper, the decision tree is
applied in the classification stage, and it is assumed that the clus-
tering of the data which contains the disturbance has already
been achieved.

B. Feature Extraction

The wavelet transform MRA is used as a tool to extract the
most salient features that represent the power quality phenom-
enon [12], [14]. Before the application of this transform, a pre-
processing of the signals is required to normalize them, because
they are collected from various voltage levels in the distribution
system. The size of the generated tree can be greatly reduced
with the proper choice of a small set of features. In this paper,
the MRA is employed as a clustering technique to generate a
small set of features which are accurate, efficient, and reliable.

C. Decision Tree

The C4.5 algorithm [9] generates the decision tree by using
the algorithm described in Section IV. The algorithm allows
the decision tree to be simplified by pruning techniques which
reduce the size of the tree according to a user-defined level.
The C4.5 algorithm can produce either decision tree or rules

of the form if…then…; both representation schemes are much
more readable and understandable than other black-box ma-
chine learning approaches such as ANNs.

III. WAVELET TRANSFORM MRA

In this section, the discrete wavelet transform (DWT) is in-
troduced as the basic tool for the decision tree feature extrac-
tion. DWT is the discrete counterpart of the continuous wavelet
transform (CWT). The CWT of a continuous time signal is
defined as

(1)

where

(2)

The function is the mother wavelet, and the asterisk de-
notes a complex conjugate. are the scaling and translating
parameters, respectively. In practical applications, the DWT (3)
of the sampled signal is used to replace the CWT of

(3)

where

(4)

Both the scaling factor and the shifting factor
are functions of an integer parameter , where and

are scaling and sampling numbers, respectively, and
. By selecting and , a representation of

any signal at various resolution levels can be developed by
using the MRA. It is implemented by a set of successive filter
banks [15] with the mother wavelet as a low-pass filter and
its dual as a high pass filter . Consider a general stage of the
filter bank; then the relation between the input sequence
to this stage and its output, which is the detail coefficients
and approximated coefficients is given as [15], [16]

(5)

and

(6)

where represents the coefficients of the approximate signal
at level , and represents the detailed coefficients of the
signal at level . The same procedure can be applied recursively.
Thus, the signal is mapped by the following set of coefficients:

(7)

The energy of the signal is partitioned in terms of the
wavelet coefficients as [13]

(8)
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and

(9)

where is the energy of the approximate level and is the
disturbance energy at the detailed level . The Haar wavelet is
utilized to decompose the signal into its resolution levels. The
energy at the different resolution levels represents one feature
vector. The sampling frequency used with the ten power cycles
permit decomposing the signal into 11 levels of resolution with
the fundamental frequency in the eighth level. After the calcula-
tion of the energy vector, the energy vectors for the training and
testing sets are normalized by dividing on the eighth coefficient
of the normal case energy vector. This level contains most of the
energy of the normal signal, and the normalized training vectors
are utilized to deduce the tree. It is worth mentioning that the
proposed set of features is not affected by the normal frequency
variation, since the split of the energy among the different res-
olution levels are not affected by those variations around the
nominal frequency.

IV. INDUCTIVE INFERENCE ALGORITHM

A decision tree is a tree data structure consisting of a root
node, decision nodes, and leaf nodes. A deterministic decision
tree classifies power quality disturbances by sorting them from
the root to some leaf node, which provides the identification of a
power quality disturbance. A decision node specifies a test over
one of the features which is called the attribute (feature)that is
selected at the node, and each branch descending from that node
corresponds to one of the possible values of the selected fea-
ture. A leaf identifies a class value (sag, swell,…,etc.). Deci-
sion tree algorithms use a set of training power quality cases.
Each training case is specifically assigned values for the nor-
malized energy at different resolution levels for different power
quality disturbances which are considered as the features of in-
terest. Associated with each training case is a label that repre-
sents the name of a class ( sag, swell,…, etc.). Classes are de-
noted by . Fig. 2 illustrates a simple decision
tree for power quality disturbance classification; this tree can be
viewed as a partitioning of the feature space .
Each partition, represented by a leaf, contains the objects that
are similar in relevant respects (sag, swell, overvoltage, and un-
dervoltage), and thus are expected to belong to the same class.

A. Decision Tree Learning Algorithm

A divide and conquer strategy is used to construct the deci-
sion tree in the C4.5 algorithm [17]. Each node in a tree is asso-
ciated with a set of cases which may belong to different classes

. At the beginning, the algorithm begins with
the root node and the whole training cases. Then, the following
divide and conquer algorithm is executed to exploit the locally
best choice; no backtracking is permitted.

Let be a set of cases associated at the node of interest. First,
the frequency of the cases of whose class for

is calculated. If all or most of the cases in
belong to a same class , then the node is a leaf with the

associated class , or else if contains cases belonging to

Fig. 2. Simple decision tree using continuous features.

Fig. 3. Decision tree learning algorithm.

two or more classes, then the information gain for each feature is
calculated. The calculation of the information gain for discrete,
as well as continuous features, is discussed in Section IV-B The
feature with the highest information gain is chosen as the test
feature at the node. In general, a decision node has children

, with in the case of continuous feature
and for the discrete feature with possible values.
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TABLE I
DISTURBANCE SIGNAL MODELING

For , if is empty, the child node is directly set to
be a leaf with the associated class set to be the most frequent
class at the parent node with zero classification error. If is not
empty, the previous operations are recursively applied. Finally
the classification error of the last step is calculated as the sum
of the errors of the child nodes. If the result is greater than the
error of classifying all the cases in , then the node is set to be
a leaf and all the subtrees are removed.

B. Feature Selection by Information Gain Measurement

C4.5 uses the concept of information gain to build the deci-
sion tree. The information gain can be described as the effective
decrease in entropy, resulting from making a choice as to which
attribute to use and at what level. Consider a feature for a set
of cases . The information gain of this attribute is calculated
as follows:

Discrete Feature: Let be the number of classes and
be the proportion of cases in that belong to the th

class. The residual uncertainty about the class to which a case
in belongs can be expressed by the entropy function as

(10)

where

(11)

and the corresponding information gained by a test feature
with outcomes as

(12)

The information gained by a test is strongly affected by the
number of outcomes , and is maximal when there is one case in
each subset , which means that the information gain is biased
to the attributes with many values over those with few values.
To overcome this difficulty, a measure which is called split in-
formation is calculated as

(13)

This split information tends to increase with the number of out-
comes of a test. Then, the gain ratio criterion of a feature ,
defined as the ratio of its information gain to its split informa-
tion, is used instead of the information gain measure. The gain
ratio of every possible test is determined, and among those with
at least an average gain, the split with maximum gain ratio is
selected.

Continuous Feature: If is a continuous feature, the task is
converted to finding a threshold such that results in two
outcomes, true and false. To find the threshold that maximizes
the splitting criterion, the cases in are sorted according to
their values of feature in order to give ordered distinct values

. Consider for , every pair of
adjacent values suggests a threshold and the
splitting

(14)

For each value , the information gain is computed by
considering the above splitting. The value for which
is maximum is set to be the local threshold, and the information
gain for attribute is defined as .

V. APPLICATION AND RESULTS

A. Signal Modeling

To generate the tree, 1400 cases are used, and another
1400 examples are used for testing purposes. These cases
are generated by using algebraic equations (Table I) and
EMTDC/PSCAD3.08 simulation software.

The advantage of using algebraic equations is that the flexi-
bility it introduces covering a wide range of variations, which
is a required feature in building the tree. However, the use of
EMTDC/PSCAD3.08 simulation software helps to generate
cases which simulate real-time operation and mimic real power
system disturbances. The algorithm shows consistency in the
results with both algebraic equations and EMTDC/PSCAD3.08
simulation. Seven categories of disturbances are simulated,
namely, undisturbed sinusoid, sudden swell, sudden sag, har-
monics, outage, sag with harmonics, and swell with harmonics.
The wavelet transform MRA is performed on the preprocessed
signal. Both the test and training signals are sampled at 256
samples/cycle. Ten power frequency cycles which contain the
disturbance is used for a total of 2560 points. This sampling
rate can detect up to 7.6 kHz for power frequency equal to 60
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TABLE II
RULES GENERATED FROM THE DECISION TREE

Hz. However, in order to avoid aliasing, this sampling rate is
used for the accurate detection of frequencies around 4.0 KHz.

B. Results

The application of the training signals generates a tree which
can be represented by 32 rules presented in Table II. It can
be seen that some of these rules can be extracted by using the
knowledge of the power quality information and how energy
is distributed at different resolution levels [12]. However, for
combined events; example, sag contaminated with harmonics
and swell contaminated with harmonics, it is very difficult to
identify rules to classify these events. The program generates

TABLE III
RULE EVALUATION ON TRAINING DATA

just one rule to identify the normal class. Since the coefficients
are normalized so that the energy at the eighth resolution level
for the normal case is equal to unity, the program identifies that
in order to attain normal case, a should exceed a threshold
of 0.92. However, this condition is not enough since there exist
many phenomena which have the same characteristic. The
search reveals that the normal case has a leakage energy which
is less than 0.0002 at the fourth resolution level. This single
rule is used to classify the two hundred examples correctly.
Another interesting issue is that the program generates only one
rule to identify the harmonic phenomena. Since, in simulating
this phenomena, it is assumed that the THD is within 5% and
the harmonic energy is distributed along different resolution
levels. The generated rule identifies the harmonic such that
is greater than 0.92 and less than 1.06. The 5% in the THD is
mapped as a variation around unity at the 8th resolution level;
at the same time, the rule states that should be greater than
0.0002 to classify the harmonic correctly. The two rules can be
easily identified by a power quality expert, but it is a difficult
task to infer the other rules for the remaining classes. This
difficulty arises from the fact that the boundaries that separate
sag from outage, or from sag contaminated with harmonic, are
not crisp enough. This occurs because the value of attributes
are very close to each other at the boundaries. The algorithm
infers too many rules to classify and distinguish between these
classes as shown in Table II. The detailed use of these rules for
identifying and classifying the training examples is explained
in Table III. The same argument holds also in the cases of
swell and swell contaminated with harmonics, but there is less
confusion since there are only two classes (not three) which
may have similar attributes at the boundaries. In addition, this
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TABLE IV
CLASSIFICATION RESULTS FOR TRAINING SIGNALS

TABLE IV
CLASSIFICATION RESULTS FOR TESTING SIGNALS

fact is clarified with the number of the deduced rules for each
class and the use of these rules.

Table IV indicates the classification accuracy by using the
training data with the generated decision tree. It is evident that
the tree can correctly classify all the normal and harmonic cases.
The tree misclassifies only one swell case, and the error in-
creases when classifying the three similar phenomena, which
are sag, outage, and sag with harmonics.

Table V shows the classification accuracy when the decision
tree is used with the testing data. As it is expected, the clas-
sification accuracy drops to 91% for the unseen examples, and
again, the maximum error occurs when classifying between sag,
outage, and sag contaminated with harmonics.

VI. CONCLUSIONS

The identification and classification of power quality distur-
bances are crucial tasks for the precise monitoring of distribu-
tion systems. A new classification methodology that is based on
machine inductive learning implemented using the C4.5 algo-
rithm is proposed in this paper. The size of the generated tree
is substantially decreased by the use of MRA. The proposed
algorithm outperforms other classification techniques, since it
can infer the classification tree from the training data. The C4.5
algorithm shows great potential for the future development of
fully automated monitoring systems with on-line classification
capabilities. In addition, the algorithm overcomes the need of
a power quality expert to generate a rule-based power quality
classifier, since it discovers its rule and infers it directly from
the data.
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