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Abstract This paper assesses different applied pattern 
recognition algorithms to decide the most appropriated power 
factor compensator for a particular point of common coupling. 
Power factor, current unbalance factor, total demand distortion, 
voltage harmonic distortion and reactive power daily variation, 
as well as human expertise, are the key parameters used to set 
each recognition algorithm. These algorithms are then trained 
with a series of both simulation and experimental data. 
Numerical results consistently indicate the decision-tree 
algorithm with depth 20 as the best classifier for power factor 
improvement in terms of all metrics considered in this work. 
 
Keywords Active Compensators · Passive Compensators · 
Pattern Recognition · Power Factor · Reactive and Harmonics 
Compensation. 

1 Introduction 

The increase of nonlinear loads, the severity of harmonic 
pollution and the load unbalance in electrical power systems 
have attracted the attention of power system engineers to 
develop proper solutions for modern electrical power systems. 
Some examples of industrial nonlinear loads that might 
generate harmonic currents or load unbalance are: arc furnace, 
induction furnace, adjustable-speed drives (ASDs), welding 
machines and power electronic loads. 

Regarding the harmonic currents, it is known that the flow 
through the system impedance results in non-sinusoidal voltage 
drops, which can affect the grid voltage quality (Das 2015; 
IEEE P519 2015). In three-phase systems, harmonics can also 
cause current unbalance and excessive neutral currents. 
Consequently, the injected harmonics, reactive power, 
unbalance, and excessive neutral currents may decrease the 
system efficiency and the power factor (IEEE 2010; Tenti et al. 
2011). They may also cause severe disturbances to other 
consumers. Thus, this subject has become extremely important 
regarding power quality (PQ) aspects, revenue metering and 
measurement issues (IEEE 2010). 

Differently from the reactive power drawn by a linear 
balanced load, the harmonic currents cannot be easily 
compensated by the use of capacitors and inductors. In this 
case, passive or active harmonic filters are usually required to 
minimize harmonic and reactive power flow. Moreover, if 
unbalanced three-phase loads are considered, the definition of 

the compensator may be even more sophisticated. 
In this scenario, the decision of which compensator should 

be used is generally based on the expertise of the power system 
engineers. By means of careful analysis and simulations, these 
specialists might indicate proper solutions in order to mitigate 
the disturbances and control PQ indices according to the 
standards limits. Thus, the specialist’s knowledge plays a 
critical role in the decision-making process. This professional, 
however, needs to deal with an enormous amount of data. In 
such context, the development of automatic analytic tools 
becomes very important for evaluating and identifying several 
PQ disturbances and their respective suitable solution. 

Indeed, the growing number of pattern recognition 
applications in the last few decades is noteworthy, specially due 
to the increasing need for automation in different segments of 
society. This demand has been met by the evolution of digital 
processors, signal processing techniques, as well as the amount 
of digital information on the internet. Applications of pattern 
recognition can be found in machine vision, robotics, 
biometrics, information retrieval and instrumentation, likewise 
in power systems (Ribeiro et al. 2013; Bollen and Gu 2006). 

Several researchers have published power system 
applications based on pattern recognition algorithms (PRA) 
(Samantaray 2013; Jamehbozorg and Shahrtash 2010; 
Samantaray 2009; Galil et al. 2004; Biet 2013; Gaouda et al. 
2002; Gaouda et al. 2001; Moravej et al. 2015; Livani and 
Evrenosoglu 2013; Cerqueira et al. 2008; Axelberg et al. 2007; 
Rodriguez et al. 2014; Monedero et al. 2007; Hajian 2014; 
Lieberman et al. 2011). For example, different classification 
methods such as decision tree (DT) (Samantaray 2013; 
Jamehbozorg and Shahrtash 2010; Samantaray 2009; Galil et 
al. 2004; Barbosa and Ferreira 2013), k-nearest neighbor (K-
NN) (Biet 2013; Gaouda et al. 2002; Gaouda et al. 2001), 
support vector machines (SVMs) (Moravej et al. 2015; Livani 
and Evrenosoglu 2013; Cerqueira et al. 2008; Axelberg et al. 
2007), and different types of artificial neural networks (ANNs) 
(Gaouda et al. 2001; Rodriguez et al. 2014; Monedero et al. 
2007; Andreoli et al. 2013) have been developed for different 
PQ applications. However, for power factor improvement, this 
approach is still missing. The choice of a suitable classifier in 
this case is very important to avoid a bad classification, 
resulting in an inappropriate compensator, which could be less 
effective than other potential options or could lead to unstable 
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conditions. 
Therefore, assuming the use of PRA, the aim of this paper is 

to determine the most suitable classifier for the development of 
an automatic system, which may be able to indicate the most 
appropriate power factor compensator for a certain point of 
common coupling. 

Following, Section 2 presents some examples of pattern 
recognition applications in power systems. In Section 3 the 
authors present the main characteristics of the proposed 
methodology to evaluate different PRA regarding the problem 
of power factor improvement. Section 4 presents the 
performance indices used for classifiers evaluation. In Section 
5, the authors compare the classification results by means of 
computational simulations. Experimental results are discussed 
in Section 6, while the main conclusions are described in 
Section 7. 

2 Pattern Recognition Applications in Power Systems 

Pattern recognition techniques are automated tools for decision-
making processes (Ribeiro et al. 2013; Bollen and Gu 2006). In 
recent years, pattern recognition methods have been widely 
used in power systems. Examples in power systems include 
fault analysis (Jamehbozorg and Shahrtash 2010; Moravej et al. 
2015; Livani and Evrenosoglu 2013), power quality (Galil et al. 
2004; Gaouda et al. 2001; Cerqueira et al. 2008; Axelberg et al. 
2007; Rodriguez et al. 2014; Monedero et al. 2007; Hajian 
2014; Upadhyaya et al. 2015), electrical machines (Biet 2013; 
Junior et al. 2014; Palácios et al. 2016; Santana et al. 2017) and 
flexible AC transmission systems (FACTS) (Samantaray 
2013). Pattern recognition provides tremendous flexibility 
benefits. This section provides some of the theoretical concepts 
that will be referred to in subsequent sections. Examples and 
strategies will be given to support the process of adopting 
pattern recognition in the context of power systems. 

2.1   Decision Tree Classifier 

Decision tree is a data structure consisting of a root node, 
decision nodes, and leaf nodes. The DT algorithm allows for 
simplification by pruning techniques, which reduce the size of 
the tree according to a user-defined level. The algorithm can 
produce either DT or rules in the form of: “if”, “then” or “else”. 
The advantage of this proposal is the representation, which is 
more understandable than other methods like neural networks 
(NNs) (Galil et al. 2004). However, DT has the disadvantage of 
only working with linearly separable data. 

Recently, DT has been found highly successful for power 
system applications as FACTS (Samantaray 2013), fault 
classification (Jamehbozorg and Shahrtash 2010; Samantaray 
2009) and power quality (Galil et al. 2004). In (Samantaray 
2013), the authors presented a data-mining model for fault-zone 
identification of a flexible AC transmission system. Moreover, 
a comparison between DT and SVM, which will be discussed 
later on, is performed for this kind of problem. 

In (Jamehbozorg and Shahrtash 2010), researchers consider 
fault classification in single-circuit transmission lines in which 
conventional methods as mathematical operations on voltages 
and current could not classify the faults. By means of DT, 

however, the authors showed that the proposed method could 
classify the faults with reasonably accuracy. In (Samantaray 
2009), a new approach for fault-zone classification on 
transmission lines equipped with thyristor controlled series 
compensator (TCSC) and unified power flow controller 
(UPFC) using DT is presented. The authors showed that the 
processing time of SVM is higher compared to the proposed 
DT. 

In (Galil et al. 2004), DT has been utilized for the 
classification of PQ. The wavelet transform is utilized to 
produce representative attribute vectors. The DT results for 
classification are compared with the artificial neural networks’ 
results. 

2.2   K-Nearest Neighbor Classifier 

K-Nearest Neighbor (K-NN) is a supervised learning algorithm 
that finds the first K minimum distances’ points, and the 
decision is made based on the group that has the majority 
minimum distances. It can produce any arbitrary complex 
surface to separate the classes based on the configuration of the 
sample points and their distance relations to each other. The 
closeness is usually measured in terms of Euclidean distances. 

The literature is very rich with solutions that use the K-NN 
pattern recognition technique. Regarding power system 
applications (Biet 2013), K-NN was applied to a diagnosis 
method to find rotor faults. In (Gaouda et al. 2002), K-NN is 
applied to classify different power quality disturbances such as 
sags, swell and harmonics. The wavelet transform and multi-
resolution signal decomposition are used for extracting 
attributes from different distorted signals. 

The K-NN main advantage in comparison to other algorithms 
is its good classification accuracy for mixed power quality 
problems (Gaouda et al. 2001). On the other hand, K-NN is 
computationally expensive in the search for the K nearest 
neighbors, mainly when the data set is very large. In addition, 
K-NN may provide inaccurate results for high-dimensional 
spaces (more than 10-15 dimensions) (Beyer et al. 1999). 

2.3   Support Vector Machines Classifier 

Cortes and Vapnik introduced SVM as a pattern recognition 
method. This supervised learning technique can be applied to 
either classification or regression. When it is used for pattern 
recognition, it searches a hyperplane that completely separates 
a data set. SVMs can also extend this to a nonlinear decision 
boundary using the kernel method. 

Applications within power systems using SVM are, for 
instance: fault analysis or classification (Moravej et al. 2015; 
Livani and Evrenosoglu 2013), power quality event 
classification (Cerqueira et al. 2008), and voltage disturbances 
classification (Axelberg et al. 2007). In (Moravej et al. 2015), 
the authors presented the limitation of some distance relay 
functions in the presence of UPFC. The SVM classifier is 
employed for fault-type identification, fault-loop status 
supervision and fault-zone detection. 

In (Livani and Evrenosoglu 2013), the wavelet transform is 
utilized to extract transient information from the recorded 
voltages and SVM is used to classify the fault type in the 
transmission networks. In (Cerqueira et al. 2008), the authors 
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presented two versions of a novel classification method for 
power quality event classification based on SVM. In (Axelberg 
et al. 2007), the authors suggested a SVM classification system 
for voltage disturbances such as fault or transformer energizing. 

The SVMs based on the decision boundary margin 
maximization have better generalization ability compared to 
DT and NN (neural network). Besides, the SVMs do not need 
expert knowledge for classification purpose in contrast with 
fuzzy-based approaches (Moravej et al. 2015). As advantages, 
the number of support vectors increases when the size of the 
training set increases. 

2.4   Multilayer Perceptron Classifier 

Multilayer Perceptron (MLP) is a feed-forward NN typically 
consisting of an input layer, one or several hidden layers, and 
one output layer. MLP networks are very useful for the 
classification of input signals when these cannot be defined 
mathematically. The algorithm can be trained to learn the 
existing relationships between input and output data (including 
non-linear). Once they have been learned by example, they can 
be generalized. However, MLP has difficulties on determining 
a proper architecture, such as the number of hidden layers and 
nodes. Training MLPs is time-consuming without guaranteeing 
the global minimum (Lieberman et al. 2011). 

Artificial neural networks for the classification of power 
system disturbances and faults have been extensively studied; 
some of the previous work can be found in (Rodriguez et al. 
2014) and (Monedero et al. 2007). In (Rodriguez et al. 2014), a 
new dual neural-network based methodology to detect and 
classify single and combined PQ disturbances is proposed. A 
neural network is used to classify sags, swells, spikes, notching, 

flickers, harmonics and inter-harmonics. In (Monedero et al. 
2007), the researchers presented a system based on neural 
networks for the classification of electrical disturbances in real 
time. 

All in all, many challenges in power systems have already 
been solved using different pattern recognition algorithms. 
However, power factor improvement, reactive and harmonic 
compensation are still open challenges. 

3 Proposed Methodology for Evaluating Pattern 
Recognition Algorithm for Power Factor Improvement 

Considering each previously mentioned PRA, one at a time, this 
section proposes a methodology to develop eleven different 
classifiers models, which will be compared to each other, in 
order to determine the most suitable classifier for the 
development of an specialized system capable of pointing out 
the most proper power factor compensator for a certain 
installation. The proposed work consists of two stages: training 
and testing. In the first stage, we show the generation of an 
historical database with a known set of input labeled and known 
responses (labels or classes) used to off-line training and 
development of classifier models. In the test stage, the 
generated classifying models are evaluated using a test database 
by means of computational simulation. Finally, the models are 
tested using real data samples, in order to evaluate the PRA 
algorithms with real cases. 

Fig. 1 shows four blocks that are used in the proposed 
methodology to evaluate each classifier model (DT, K-NN, 
SVM and MLP). 

 
Fig. 1. Schematic diagram of the proposed methodology 

3.1   Attributes Extraction 

Distribution power systems comprise numerous classes of 
disturbances, such as: voltage or current unbalance, voltage or 
current distortion and low power factor, which will be 
considered as relevant attributes for designing a suitable 
compensator, as shown in Fig. 1. Hence, the applied attributes 
are described as follows: 

 Short-circuit ratio (𝐼 𝐼⁄ ): given by the ratio of short-

circuit current (𝐼 ) and the fundamental component 
of the maximum load current (𝐼 ) (average value of 
maximum demand over the previous 12 months) 
(IEEE 2014); 

 Voltage total harmonic distortion (𝑇𝐻𝐷 ): this 
attribute is used in order to quantify and evaluate the 
harmonic distortion in voltage waveforms; 

 Total demand distortion (𝑇𝐷𝐷): given by the 
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harmonic distortion of current expressed as a 
percentage of the maximum load current. Limits on 
current distortion depend on the power of the load 
compared with the power of the supply system at the 
PCC. The short-circuit currents at the PCC should be 
calculated to apply IEEE criteria of TDD at PCC 
(IEEE 2014); 

 Equivalent Power factor (𝑃𝐹 ): it represents the 
fraction of the power supplied by a utility that is used 
to perform a useful work. It is frequently used by the 
utilities to penalize the customer. In this work, the 
power factor is calculated according to STD 1459 
(IEEE 2010); 

 Voltage unbalance factors (𝐾𝑉 ) or (𝐾𝑉 ): indicate 
unequal voltage magnitudes at the fundamental 
frequency, fundamental phase angle deviation and 
imbalanced levels of harmonic distortion among 
phases. These are other important attributes used in 
this work to indicate the uneven distribution of load 
through a three-phase power system. These terms 
consider the RMS value of the fundamental positive, 
negative or zero sequence, and can be obtained using 
Fortesceu’s symmetrical components; 

 Current unbalance factor (𝐾𝐼 ) or (𝐾𝐼 ): may be 
caused by large or unequal distribution of single-phase 
load, phase to phase loads or unbalanced three phase 
loads. They are used to evaluate the load unbalance 
condition and can also be calculated based on 
symmetrical components; 

 Positive-sequence reactive power variation (∆𝑄 ): 
this attribute will be used in order to analyze the 
reactive power over the time. 

3.1.1   Classification  – Standards and Adopted Limits 

According to Fig. 1, this block is responsible for classifying the 
input data, by means of the chosen and trained PRA, Fig. 1, and 
the calculated attributes, before the final classification in terms 
of the reactive power’s variability. At this point, the specialist’s 
knowledge is already considered in the classifier and there is no 
need for any adaptation of the classifier rules. 

3.1.2   Reactive Power Variation 

In order to evaluate the reactive power variations over time, this 
step is responsible to check whether the variations are above or 
below ±30% average over 24 hours. Thus, this stage provides 
information regarding the required compensator. If the reactive 
power variation is above 30%, the compensator should be 
“switched” (like thyristor-switched capacitors) to provide 
exactly the right amount of reactive power at the right time 
according to load requirements. Otherwise, the compensator 
should provide a constant value of reactive power (like fixed 
capacitor banks). 

3.1.3   Compensation Solutions 

The chosen compensator or solution have a vital role to play in 
maintaining supply voltages within the specified limits, 
improving the power factor, reducing the harmonic distortion 
and balancing the load currents. Thus, the last step in Fig. 1 

presents a list of possible solutions according to the 
“classification block” and the “reactive power variation 
analysis”. Notice that the solution includes low-frequency 
compensators (“Fixed” and/or “Switched”) and high-frequency 
compensators (like active power filters). 

For a particular set of input data, it is clear that the proposed 
solution partly depends on the available attributes and limits 
during the training and classification, but mostly on the chosen 
PRA for the classifier construction, as discussed in next 
sections. 

3.2   Training Stage 

This stage is responsible for the training of the chosen PRA 
based on the applicable attributes, specialized knowledge and a 
set of historical simulation and measurement data, in such a way 
that the resulting decision rules can classify new samples of a 
test data, automatically, by simply using the test data attributes, 
Fig. 2. 

It is worth mentioning that the decision rules for each PRA 
are dynamically defined during this stage. Taking for example 
the DT method, the training process results in an automatic self-
structured DT. 

The training data set was developed considering several 
simulations of different compensation examples, which have 
been generated and characterized by a human specialist, in 
order to perform a supervised learning by means of supplying a 
known set of input labeled training data (Power Quality 
indicators) and known responses (compensation cases). The 
specialist, taking into account the PQ standards limits: 
equivalent power factor (𝑃𝐹 > 0.92), the unbalance factors for 
the voltages (𝐾𝑉  or 𝐾𝑉 < 2%), the unbalance factors for the 
currents (𝐾𝐼  or 𝐾𝐼  < 20%), total demand distortion (𝑇𝐷𝐷), 
voltage total harmonic distortion (𝑇𝐻𝐷 < 5%), evaluates 
extensively the successful simulations and measurement cases. 
All simulations were performed at a voltage level between 
120V and 69 kV. For each type of disturbing load, a subset of 
attributes was generated (1355154 samples) using PSCAD 
environment. The PSCAD software allows the using of various 
control tools to perform parameter modification simulation. In 
addition, the PSCAD allows to perform the simulation of large 
power systems. Besides, several real measurements, evaluated 
by the specialist, were also added to this database. The classifier 
models were built and trained using the tool “Classification 
Learner” included in the MATLAB software (Statistics and 
Machine Learning Toolbox 2017). The Classification Learner 
App is an application that can be used to train models for 
classification of data with using supervised machine learning 
methods. By using Classification Learner, is it possible to 
explore data, select features, specify validation schemes, train 
models, and assess results. The prediction models developed in 
this study have been trained, tested and evaluated using a 
fivefold cross-validation technique. 
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Fig. 2. Flowchart of the training stage 

The decision tree models were developed using the 
Classification and Regression Tree (CART) algorithm 
(Breiman et al. 1984). Hence, the leaves represent the 
classification results (Compensation Solutions) and the nodes 
represent attributes. A CART algorithm searches all variables, 
and for all possible values, in order to find the best split. The 
split criterion used is Gini’s diversity index. Three decision tree 
models have been developed using different depths (4, 20 and 
100), which are the highest number of levels used in the 
decision tree. 

In this work, three K-NN models have been developed using 
different K values (1, 3 and 10), which are the number of 
neighbors. In addition, the Euclidean distance metric was used 
to measure the distance between patterns in this study. 

The prediction SVM model developed in this study has been 
developed using the linear kernel function and “one-versus-
one” multiclass strategy. 

For MLP training we used as function fitting a two-layer 
feed-forward network, with a sigmoid transfer function in the 
hidden layer and a linear transfer function in the output layer. 
The number of hidden neurons for each MLP model was 10, 20, 
40 and 50 respectively. In addition, for the MLP training we 
used up to 1000 epochs and the backpropagation learning 
algorithm. 

Regarding the limits used by the specialist to be applied for 
the chosen attributes, some come directly from particular 
standards, while others do not have specific boundaries in the 
literature, and the specialist would usually define them in each 
case. In such cases, during the training stage, the classifier can 
also set the lacking limits automatically, in order to achieve the 
compensation results according to the input training data. 

Regardless of the source, high harmonic voltage levels and 
harmonic load currents will lead to operational problems in the 
electric power distribution system. These problems include 
equipment-heating, over-voltage and load disruption, and have 
been discussed in IEEE 519 (IEEE 2014). This standard 
provides recommended practices for the harmonic evaluation of 
electrical power systems, and is widely accepted by industry 
and utilities. European standard (EN 50160 2004) sets the 
boundaries for harmonic voltages. IEEE 519 has 5% to the 
voltage total harmonic distortion limit and 3% to individual 
harmonic voltage. In this work, the authors adopted a 
conservative limit of 5% for total harmonic distortion (𝑇𝐻𝐷 ) 
to avoid excessive voltage distortion on capacitor banks. 

Concerning the limits for harmonic current, it is observed 
that both IEC (IEC 2008; IEC 1996) and IEEE (IEEE 2014) 
deal with the limitation of harmonic currents in low voltage 

(LV). However, IEEE 519 considers the short-circuit ratio 
(𝐼 𝐼⁄ ) to take into account the size of the load in regard to the 
system, when setting the limits on the harmonic current 
emission. In this way, the current harmonic distortion will be 
evaluated according to IEEE 519 by means of  (𝑇𝐷𝐷). 

The power factor is considered by the utility for billing 
purposes and may lead to monthly charges for the consumers. 
In this work, the adopted power factor limit was 0.92, according 
to the Brazilian Electrical Regulatory Agency (ANEEL 2017). 

Regarding to the voltage unbalance, the ANSI C84.1-2006 
standard recommends that electrical supply systems should 
operate with a maximum voltage unbalance limit of 3% (ANSI 
2006). The IEC standard recommends that the maximum 
voltage unbalance of electrical supply systems should be 
limited to 2% (IEC 2008; IEC 1996). In, “IEEE Recommended 
Practice for Electric Power Distribution for Industrial Plants” 
(IEEE 1993), and ANSI/IEEE Std. 241-1990, “IEEE 
Recommended Practice for Electric Power Systems in 
Commercial Buildings” (IEEE 1990), both the Red Book and 
the Gray Book indicate that some electronic equipment (like 
computers) may experience problems if the voltage unbalance 
is more than 2 to 2.5%. Therefore, based on (IEEE 1993; IEEE 
1990; NEMA 1993) the authors adopted 2% as a limit for the 
attribute voltage unbalance. 

To evaluate the unbalanced load, the authors propose the 
current unbalance factor. This attribute is not defined in 
standards. However, the National Equipment Manufacturers 
Association (NEMA) (NEMA 1993) states that 1% of voltage 
unbalance can create 6-10% current unbalance. Thus, by 
limiting the voltage unbalance to 2%, the authors propose the 
limit of 20% as current unbalance factor. 

The accuracy and speed of the training process are given in 
Table 1, for each PRA. It becomes evident that DT, K-NN and 
SVM can correctly classify the possible cases using the training 
data. However, it is important to test the models for different 
data sets in order to evaluate the performance for imbalance 
data. The problem with the imbalance class has been recognized 
as a crucial problem in Machine Learning and Pattern 
Recognition areas. Significant differences in class prior 
probabilities may produce an important deterioration of the 
classification systems’ performance. A two-class data set is 
imbalanced when one of the classes (the minority one) is 
heavily under-represented in comparison to another class (the 
majority one). This issue is particularly important in real-world 
applications where it is costly to misclassify examples from the 
minority class, such as diagnosis or rare diseases, detection of 
fraudulent telephone calls and filtering tasks. In the 
experimental results’ section this problem will be discussed 
considering real-world data. Note that SVM and MLP need a 
large training time increasing the computation cost. 

After the training process, each resulting decision-maker 
was ready to be used as a tool for identifying the compensation 
solutions for power factor improvement. 

 

 
 



 6 

Table 1 Accuracy and speed of classification methods for the training 
set 

Classification 
Method 

Training 
Time [s] 

Accuracy [%] 

DT (depth= 4) 14 71.70 ±1.53 
DT (depth= 20) 11 100 ±0.01 
DT (depth= 100) 12 100 ±0.01 
K-NN (K= 1) N/A 100 ±0.00 
K-NN (K= 3) N/A 100 ±0.01 
K-NN (K= 10) N/A 100 ±0.01 
Linear SVM 4987 100 ±0.01 
MLP (10 neurons) 2224 99.90 ±0.08 
MLP (20 neurons) 2648 99.80 ±0.08 
MLP (40 neurons) 3364 99.80 ±0.08 
MLP (50 neurons) 3091 99.89 ±0.07 

4 Performance Indices for Classifiers Evaluation 

Designing a classifier is mathematically equivalent to finding a 
mapping function between the input space and the attribute 
space, followed by applying decision rules that then map the 
attribute space into the decision space. In this way, the four 
pattern recognition classifiers presented in Section 2 (DT, K-
NN, SVM and MLP) were used in the classification task and 
their results compared in order to find the best classifier in the 
PQ problem studied here. 

Regarding to the performance evaluation, many metrics have 
been employed to assess the classification effectiveness. All of 
them are based on the confusion matrix as shown in Table 2. 
The correctness of a classification can be evaluated by: 
computing the number of correctly recognized class examples 
(TP - true positives), the number of correctly recognized 
examples that do not belong to the class (TN - true negatives), 
and examples that either were incorrectly assigned to the class 
(FP - false positives) or that were not recognized as class 
examples (FN - false negatives) (Sokolova and Lapalme 2009). 

Table 2 Confusion Matrix (Sokolova and Lapalme 2009) 

Data class 
Classified as 

Positives 
Classified as 

negatives 
Real positives TP FN 
Real negatives FP TN 

 

Accordingly, from Table 2 the overall effectiveness of a 
classifier can be measured as: 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁
 (1) 

In order to evaluate how effectively a classifier identifies 
negative labels we consider: 

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝐹𝑃 + 𝑇𝑁
 (2) 

The corresponding effectiveness of a classifier to identify 
positive labels is as follows: 

𝑟𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 

It is important to find the performance measurement that has 
not been influenced by the imbalance data. Thus, G-mean is a 
measure of the classifier’s ability to balance sensitivity and 
specificity and can be defined as follows: 

𝐺 − 𝑚𝑒𝑎𝑛 = 𝑟𝑒𝑐𝑎𝑙𝑙 ∙ 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 (4) 

AUC (Area Under the Curve) is the area below the ROC 
(Receiver Operating Characteristic) (Sokolova and Lapalme 
2009) curve that depicts the performance of a classifier. It has 
been proved to be a reliable performance measure for class 
imbalance problem. It can measure the classifier’s ability to 
avoid false classification and can be expressed by: 

𝐴𝑈𝐶 =
1

2

𝑇𝑃

𝑇𝑃 + 𝐹𝑁
+

𝑇𝑁

𝑇𝑁 + 𝐹𝑃
 (5) 

5 Computational Results 

At this point, the specialist’s knowledge is already considered 
in the classifier and there is no need for any adaptation of the 
classifier rules. After training the classifier models, in order to 
verify the generalization capacity of the developed classifiers, 
a new test database was developed using the IEEE 13-Bus 
Balanced Industrial System, shown in Fig. 3. 

 
Fig. 3. Modified IEEE 13-bus Balanced Industrial System test feeder 

The IEEE 13-bus system was used to create a validation 
balanced data set (111,055 samples) used to compare the 
performance of trained classifiers, by means of a supervised 
test, and decide which one to take, thus allowing the classifier's 
performance evaluation by means of simulation results. This 
system consists of 13 buses, 69 kV power supply from the 
utility and seven transformers. A 6 MVAr rated power factor 
capacitor is connected at bus 3 in medium voltage (13.8 kV). 
Specific issues related to cables, transformers and load 
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characteristics are described by the data in (Abu-Hashim et al. 
1999). In order to take into account the load variation effects 
and the possible disturbances (harmonic current, harmonic 
voltage, current unbalance, voltage unbalance, a low power 
factor and their combinations), a group of linear and nonlinear 
loads has been inserted at 49:RECT bus. Besides, in order to 
simulate the voltage distortions from the utility perspective, a 
programmable voltage source was inserted at 50:GEN-1 bus. In 
this way, it is possible to reproduce different combinations of 
disturbances to be analyzed by the developed classifier model. 
In addition, with the combination of the different types of loads, 
it is possible to generate samples for all classes (S00 to S14), 
since the objective is to analyze the capacity of the classifiers 
in separating the samples of the respective classes.  

By applying the proposed methodology, the voltages and 
currents were measured at 49:RECT bus with a sampling 
frequency of 12.6 kHz. According to Fig. 1, the required 
voltage, current and power attributes were calculated and stored 
(Attributes Extraction).  

Table 3 shows the classification results performed by each 
technique chosen in this work. The Compensation Solutions 
column represents the possible classes. The Expected Class 
column represents the known responses defined by Power 
Engineer (expert) during the creation of the testing database. In 
this stage, the attributes described in section 3.1 are provided to 
the classifier models developed in the training phase. Thus, the 

classifier under analysis performs the separation of the 
respective classes. The output of each classifier is then 
compared to the known response. It can be seen from Table 3 
that the DT with depth (4) has difficulties in identifying the 
cases S01, S02, S05, S06, S07, S08 and S09. In addition, this 
classifier model was unable to identify the samples present in 
classes S03, S04, S10, S11, S12, S13 and S14. As the depth of 
the decision tree is increased, it is possible to observe the 
classifier ability to separate classes correctly, according to 
results obtained through the use of the DT with depth (100). In 
the case of the K-NN, it is difficult for the classifier to identify 
classes S10 and S11, even with the increase of the value of K. 
In the case of the linear SVM technique, an improvement in the 
identification of the classes S10 and S11 is verified when 
compared to the K-NN technique. However, this classifier 
cannot correctly identify the samples present in class S14, that 
is, there is a difficulty to identify the solution “Three-phase - 
four wire shunt active power filter”. In the case of the MLP 
technique with 10 neurons, it is observed that the classifier 
identified 12068 samples for class 0, that is, 4665 samples 
classified incorrectly. In addition, a difficulty of this classifier 
in correctly identifying the samples of classes S12 and S13 is 
observed. With the increase of the number of neurons for the 
MLP, it is possible to observe the improvement in the capacity 
of the classifier model to identify classes S0, S12 and S13. 
 

Table 3 Expected versus predicted classification of different methods on IEEE 13 bus data set 

 
 

The objective of any classifier is the maximization of 
accuracy, specificity, G-mean and AUC. In this way, these 
criteria will be applied for assessing the algorithms’ 
performance. Table 4 shows the results of several classification 
methods when the IEEE 13 Bus data set is considered. We can 
observe that DT with depth 4 has the worst accuracy (55.93%) 
and AUC criterion (75.54%). However, when the tree depth is 
increased to 20, we observe that the DT classifier obtains the 
best performance compared to other methods. 

 

 

Table 4 Evaluation of different classification methods on IEEE 13 
bus data set 
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6 Experimental Results 

Looking for the evaluation of each classifier performance in 
practical applications, three actual test sets composed by three 
disturbing loads, which result in imbalanced data sets, were 
analyzed by means of supervised classification. The 
measurements have been performed in different installations in 
Brazil, which claim lack of power quality in their respective 
facilities. 

As shown in Fig. 1, the voltages and currents are measured 
by means of a data acquisition system, and used to calculate the 
attributes described in Section 3.2.1. Following, these attributes 
are classified according to the resulting classifier models. 

6.1   Three-Phase X-Ray Machine 

The first measurement is related to an X-ray machine. This kind 
of load is considered as disturbing due to its operation mode. 
During the time of radiography, the required electrical power is 
high and can produce voltage sags or even damage the operation 
of other sensitive equipment connected to the circuit. Fig. 4 
shows the single-line diagram of the power system under 
analysis. The measurements were performed on the low voltage 
side (220V). 

Fig. 5 shows the load instantaneous currents, measured in x-
ray equipment 220 V, 60 Hz, during the execution of 
radiography (Moreira et al. 2015). Note from Fig. 5 that the 

current has amplitude variant over time, which may result in 
different compensation solutions over time. 

 

 
Fig. 4. Single-line diagram of the power system 

 

 
Fig. 5. Three-phase x-ray machine voltages and currents 

 
Table 5 presents the known responses (expected class) 

versus predictions made by the trained models. Note that the 
pattern recognition decision-tree algorithm (depth = 4) fails to 
identify S13 and S14 solution. 

 
 

Table 5 Expected versus predicted classification on three-phase X-ray data set 

Compensation 
Solutions 

Expected 
Class 

Predicted Class 
DT 
(4) 

DT 
(20) 

DT 
(100) 

K-NN 
(K=1) 

K-NN 
(K=3) 

K-NN 
(K=10) 

Linear 
SVM 

MLP 
10 

MLP 
20 

MLP 
40 

MLP 
50 

S00 16710 16710 17437 16710 15762 15724 15706 16673 16926 16611 16628 17007 
S01 – – – – – – – – – – – – 
S02 72878 72878 72878 72878 73378 73423 73445 72869 72842 72847 72861 72889 
S03 – – – – – – – – – – – – 
S04 – – – – 436 429 425 – – 129 138 1 
S05 – – – – – – – – – – – – 
S06 6727 7075 6727 6727 6740 6742 6746 6718 6745 6718 6697 6677 
S07 403 727 – 404 403 402 398 406 399 405 377 416 
S08 – – – – – – – – – – – – 
S09 16 16 16 16 28 28 28 62 75 163 168 108 
S10 – – – – – – – – – – – – 
S11 – – – – – – – – – 86 – 84 
S12 – – – – – – – – – – – – 
S13 348 – 348 348 659 658 658 403 188 212 350 203 
S14 324 – – 323 – – – 275 231 235 187 21 

Number of 
Observations 

97406 97406 97406 97406 97406 97406 97406 97406 97406 97406 97406 97406 

 

From Table 6, we observe that all classifiers reach high 
accuracy. Observe that the pattern recognition decision-tree 
algorithm (depth = 20 and 100) has the best results for all 
metrics resulting in compensation solution S02, due to 𝑃𝐹  and 
∆𝑄  violations. As we can see, increasing the number of 
neurons does not result in a better accuracy or AUC. 

 
 
 
 
 
 
 
 
 

Table 6 Evaluation of different classification methods on X-ray data 
set 
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6.2   Inverter Welding Machine 

The second measurement is related to a welding machine. This 
equipment can be connected at any point of the electrical 
distribution system, resulting in high distortions levels on the 
grid (Fig. 6). 

Fig. 7 shows voltages and currents measured at load 
terminals for a 380 V, 60 Hz welding inverter machine. The 
voltages and currents are distorted, while the currents are also 
unbalanced. 

For this data set, the known responses versus the predicted 
classification are shown in Table 7. In this case, the 
compensation solution suggested is S14 due to higher incidence 
of 𝑃𝐹 , 𝐾𝐼 , 𝑇𝐻𝐷 , 𝑇𝐻𝐷  and ∆𝑄  violations. Note that, DT 
(depth = 4) has misclassified 36356 samples as S09. 

Table 8 summarizes the metrics for all classifiers when 
applied to the welding machine data set. Again, one can observe 
that DT (depth = 4) has the worst accuracy and AUC. This 
means that the solution provided by this PRA, in this case, will 
be S07 with 50,223 samples misclassified, Table 7. In this 
instance, we can perceive the importance of all different 
metrics. The MLP (10 neurons) has a high accuracy (99.68%), 
however with a low AUC (50.35). This occurs because this 
PRA only classified 2 samples as S07 instead of 282 samples. 

The K-NN model has misclassified some samples as S09 
resulting in a low AUC. In contrast, the decision-tree (depth 20 
and 100) has a 100% result for all metrics, in other words, all 
attributes were correctly classified. 

 

 
Fig. 6. Single-line diagram of the power system 

 

 
Fig. 7. Inverter welding machine voltages and currents 

 

Table 7 Expected versus predicted classification on three-phase inverter welding machine data set 

Compensation 
Solutions 

Expected 
Class 

Predicted Class 
DT 
(4) 

DT 
(20) 

DT 
(100) 

K-NN 
(K=1) 

K-NN 
(K=3) 

K-NN 
(K=10) 

Linear 
SVM 

MLP 
10 

MLP 
20 

MLP 
40 

MLP 
50 

S00 – – – – – – – – – – – – 
S01 – – – – – – – – – – – – 
S02 – 301 – – – – – – – – – – 
S03 – – – – – – – – – – – – 
S04 – – – – – 52 51 170 2 – 83 2004 
S05 – – – – – – – – – – – – 
S06 – – – – – – – – – – – – 
S07 282 50223 282 282 282 819 909 243 2 112 103 29 
S08 – – – – – – – – – – – – 
S09 – 36356 – – – 2765 2822 – – – – – 
S10 – – – – – – – – – – – – 
S11 36657 – 36657 36657 36657 33634 33625 36487 36655 36657 36574 34653 
S12 – – – – – – – – – – – – 
S13 – – – – – 1987 1931 – – – – – 
S14 49941 – 49941 49941 49941 47623 47542 49980 50221 50111 50120 50194 

Number of 
Observations 

86880 86880 86880 86880 86880 86880 86880 86880 86880 86880 86880 86880 

 

 

Table 8 Evaluation of different classification methods on three-phase 
inverter welding machine data set 

 

6.3   Soft-Starter 

Soft-starters are generally employed in large capacity induction 
motors to limit the initial current and to achieve smooth starting. 
However, they cause severe pollution on the supply such as, for 
example, harmonic distortion. 

Fig. 8 shows the single-line diagram of the power system 
under analysis for the induction motor 60 HP, 440V, 60 Hz with 
soft-starter. The measurements were performed in the low 
voltage side (440V), as can be seen in Fig. 8. 

 
Fig. 8. Single-line diagram of the power system 
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Fig. 9 shows the voltages and currents’ waveforms for the 
induction motor 60 HP, 440 V, 60 Hz with soft-starter. Note 
that voltages and currents are distorted and variant over time. 

 
Fig. 9. Soft-starter voltages and currents 

For this data set, the known responses are: S05 (140122 
samples), S07 (64500 samples) and S01 (466 samples) with 

𝑃𝐹 , 𝑇𝐻𝐷  and 𝑇𝐻𝐷  violations, Table 9. Note that MLP (10 
neurons) has misclassified 136 samples as S08. 

Table 10 shows the classifiers metrics for this data set. It is 
interesting to observe that the K-NN accuracy is improved for 
this kind of load, as well as the Linear SVM classifier. 
However, the AUC for K-NN is around 53% and the G-mean 
metric about 24%, meaning that K-NN (K=1, 3 and 10), MLP 
(10, 20 and 50 neurons) will result in S07 as first compensation 
solution (higher incidence) instead of S05. On the other hand, 
the decision-tree algorithm with depth 4 has reached 99.92% of 
accuracy and 99.96% of AUC. However, by increasing the tree 
depth, we can observe a performance improvement, so that the 
AUC reaches 100% for depths 20 and 100. 
 

Table 9 Expected versus predicted classification on soft-starter data set 

Compensation 
Solutions 

Expected 
Class 

Predicted Class 
DT 
(4) 

DT 
(20) 

DT 
(100) 

K-NN 
(K=1) 

K-NN 
(K=3) 

K-NN 
(K=10) 

Linear 
SVM 

MLP 
10 

MLP 
20 

MLP 
40 

MLP 
50 

S00 – – – – – – – – – – – – 
S01 466 626 466 466 466 88 31 438 617 609 38038 71 
S02 – – – – – – – – – – – – 
S03 160 – 160 160 160 188 185 188 9 17 127 555 
S04 – – – – – – – – – – – – 
S05 140122 140125 140125 140125 140125 13637 14013 144916 10644 71258 125869 6376 
S06 – – – – – – – – – – – – 
S07 64500 64497 64497 64497 64497 191335 191019 59706 193842 133364 41214 198246 
S08 – – – – – – – – 136 – – – 
S09 – – – – – – – – – – – – 
S10 – – – – – – – – – – – – 
S11 – – – – – – – – – – – – 
S12 – – – – – – – – – – – – 
S13 – – – – – – – – – – – – 
S14 – – – – – – – – – – – – 

Number of 
Observations 

205248 205248 205248 205248 205248 205248 205248 205248 205248 205248 205248 205248 

 

Table 10 Evaluation of different classification methods on soft-starter 
data set 

 

7 Conclusion 

In this paper we compared several pattern recognition 
algorithms in order to automate the usually human decision-
making process on power factor improvement in distribution 
systems. We have employed international standards as IEEE, 
IEC, ANSI and NEMA to assess the different power quality 
indicators in order to analyze the power system’s behavior. The 
decision-making process about the reactive, unbalanced and 
harmonic compensation was performed using different 
algorithms and our results indicate that an automatic self-
structured decision tree algorithm, with depth 20, is highly 

effective and reliable to classify the chosen attributes. The 
developed tool may also decrease the need for power system or 
power quality experts to perform the compensation analysis 
insofar as our proposed framework indicates (quasi-
autonomously) the most suitable compensation solution, 
directly obtained from the input data. 
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