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 Machine learning application have been widely used in various sector as part 
of reducing work load and creating an automated decision making tool.  
This has gain the interest of power industries and utilities to apply machine 

learning as part of the operation. Fault identification and classification based 
machine learning application in power industries have gain significant 
accreditation due to its great capability and performance. In this paper,  
a machine-learning algorithm known as Support Vector Machine (SVM) for 
fault type classification in distribution system has been developed. Eleven 
different types of faults are generated with respect to actual network. A wide 
range of simulation condition in terms of different fault impedance value as 
well as fault types are considered in training and testing data. Right setting 

parameters are important to learning results and generalization ability of 
SVM. Gaussian radial basis function (RBF) kernel function has been used for 
training of SVM to accomplish the most optimized classifier. Initial finding 
from simulation result indicates that the proposed method is quick in learning 
and shows good accuracy values on faults type classification in distribution 
system. The developed algorithm is tested on IEEE 34 bus and IEEE 123 bus 
test distribution system.  
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1. INTRODUCTION  

Power distribution system (PDS) is a power system which delivers power from the transmission 

system to consumers or residential customers. PDS contains a complicated structure and difference in voltage 

levels. PDS is separated into two parts which are primary and secondary distribution system. The primary 

distribution system has medium voltage levels of 11kV and 33kV which are directly distributed to heavy 

loads and uses in of industries. Secondary distribution system uses low voltage level with 400V and 230V 

where the domestic consumer voltage usage [1].  

PDS frequently works in radial structure with a combination of distribution transformer (DT),  

bus lines, switches, fuses and unbalanced loads. PDS is connected to house loads or regular loads from the 

primary substation using DT to step down to a low voltage level. Industrial loads which are above 11kV are 

directly supplied by the primary grid which is an interconnected network that delivers power from the 
substation to DT. These loads have a greater voltage level. Furthermore, secondary grid distributes power 

from DT to regular loads by various routes to avoid fault occurrences. Any disturbances in PDS will cause an 

outage in the distribution system. Most of the outage is caused by the different types of faults that exist on the 

line for an extended period. Any components failure in PDS will cause outage directly.  
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Faults in a distribution system can be either single phase to ground, double phase to ground, phase 

to phase, three phase to ground or three-phase faults [2]. Each of these faults can be distinguished by their 

characteristic e.g. Single phase to the ground fault will give a spike in the current values of the particular 

phase during the fault occurrence. Some of the fault location methods will require the identification of fault 

type in prior before estimation of the fault location. Another aspect which can be related to fault type is the 

fault level. Fault level can be divided into two different kinds which are low impedance and high impedance 

fault. Low and high impedance fault are distinguished by the fault current values resulted from the arching 

between the phase to the surface of contact. Unlike low impedance, high impedance faults are difficult to be 

detected [3]. It requires customized approaches that can extract information of these high impedance faults 

from the available data. 
The reliability, security and power quality of distribution system are significantly affected by 

distribution fault. Faults occurrence in distribution system is difficult to avoid and unpredictable during 

steady state conditions. Although, the disturbance can be found all over of the power system, but almost 80% 

of fault related interruption experienced by customers are due to fault incidents on the distribution system [4]. 

The occurrence distribution outage due to the fault will affect the utilities’ reliability index. So, in order to 

full fill the reliability index criterion, utilities have to devise fault identification method which ensures power 

is restored to users in short duration of time. Identification of fault types is very crucial for the protection 

scheme to maintain distribution system stability and minimize customer minute losses and network damages. 

Hence, quick faults type recognition within minimum error allows the relays and circuit breakers to operate 

and isolate the faulty part to protect the components and therefore the efficiency of the power distribution 

system can be increased. Consequently, fast and reliable fault detection has become an important operational 
demand in distribution system. 

The classical method of fault identification process in power system employed by utilities is a step 

by step process. First, the affected area of disturbance is identified through customer phone calls.  

This enables utilities to generally localize the disturbance location and its affected customer. After having 

sufficient geographical and statistical data, the maintenance teams are dispatched to affected substation.  

They will conduct visual inspections together with measurement to estimate the cause of the disturbance. 

After identifying the cause of the disturbance, if it is due to fault occurrence, methods such as capacitive 

discharge and pulse echo meter will be used to obtain the estimated location of fault [5]. 

Basically, the classical method of fault identification requires more time for restoring the power. 

Besides, the classical method also contributes to higher operation and maintenance cost for the utilities.  

In order to overcome this problem, modern methods of fault identification have been researched and 

developed. Quick faults type recognition within minimum error allows the relays and circuit breakers to 
operate and isolate the faulty part to protect the components and therefore the efficiency of the power 

distribution system can be increased. Consequently, fast and reliable fault detection has become an important 

operational demand of MV distribution system. 

Smart meter data provides a better understanding of how distribution networks operate and assist in 

the more active management of the networks by enabling two-way communication between the meter and the 

central distribution system. Smart meters can measure the voltages and loads through wireless 

communication. When any fault occurs in the distribution network, sequence currents and voltages are 

generated and can be captured by the smart meter. In this paper, a fault classification algorithm using  

a machine learning known as Support Vector Machine (SVM) has been developed. The data of current and 

voltages employed can be collected by a smart meter. The data is used as the training, testing and validation 

data of the SVM.  
 
 

2. MODERN FAULT CLASSIFICATION TECHNIQUES 

2.1.   Smart Meter 

The main problem of fault events in the distribution system is that the insufficient information that 

exists on the metering point. Recently, smart meters are developing and can be used to overcome the fault 

analysis in the distribution system. A smart meter is an energy meter that used to measure electrical data and 

record reading with more accurate than current conventional energy meter. The two-way communication 

used in a smart metering system which known as Advanced Metering Infrastructure (AMI) able to monitor 

the meters from the control room [6]. Smart meters can provide data of energy consumption of customer and 

notify the utility grid when there is a fault occurs [7].  

There is a proposed method that needed voltage sag data which the data is collected from the smart 

meter that installed along the feeder at a strategic point. This method used to capture voltage drop during 

fault condition which has different in magnitude than the pre-fault condition. On-fault measurement is used 
to verify the voltage of each node with the help of reverse and forward sweep load flow to measure the fault 

current for each node in an iterative loop. The fault current is to determine the faulted node with the least 
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error between actual measurement and calculated voltage drops. Unknown voltages from previous short- 

circuit analysis calculations are introduced and errors in the measurements that resulted in not properly 

estimate the faulted node. This method showed that it was crucial of collecting pre-fault and on-fault data 

from smart meters in order to identify software-based fault types. The data obtained by the smart meters can 

be collected in order to have real-time monitoring of identification of fault location [8]. 

The fault type method based on state estimation is proposed in [9] which require on-fault currents of 

the supply and on- fault voltage profiles of buses that can be obtained from smart meters and transferred to 

the control centre to justify the type of fault. The data collected by the smart meters can be processed in order 
to have monitoring of fault types classification in real-time. This method achieves better results with just one 

radial feeder in a single-line distribution system. 

 

2.2.   SVM as the Application of Machine Learning 

Recently, machine learning has been speedily developed and applied successfully to classify types 

of fault on either transmission or distribution system [10]. However, majority of the research focus on the 

fault identification for overhead power transmission system [9-15] but not for the power distribution system. 

A quick method to predict the fault occurrence is needed since an instant operation is required to avoid the 

power distribution system from an outage. SVM is relatively a classification method that shown higher 

performance and accuracy than other learning methods in a lot of application [16].  

A. Ngaopitakkul and C. Pothisarna proposed a method to identify the types of faults in underground 

PDS using a combination of discrete wavelet transform (DWT) and SVM [17]. Fault detection on high-
frequency component from the fault signals by using the DWT algorithm. Positive sequence current of fault 

signals is used as input for the SVM in a decision algorithm. Several case studies with the difference of fault 

types and fault impedance have been worked out. Some researchers have employed smart meter data in 

support vector machine (SVM) for fault location in power system. In reference [18], an artificial neural 

network (ANN) and SVM was proposed for locating faults in radial distribution systems. In reference [19], 

SVM is used to predict fault location in PDS with distributed generation (DG) and smart meter. The study 

uses a fixed value of SVM parameter with the chosen RBF as the Kernel function and cross validation 

method. In the RBF kernel, there are two parameters which are C and gamma (γ) needs to be selected as the 

best parameters in order for SVM to predict the test data accurately. One method proposed by Livani used 

SVM based learning algorithm to identify the fault location on faulted lines [20]. The proposed method used 

RMS voltage data from smart meter as the input for SVM. Several authors also proposed methods which 
used machine learning algorithm together with data from other equipment besides the smart meter. A study 

performed by Agrawal used both SVM classification and regression for fault type and location [21].  

The input data for fault classification were obtained from a power quality recorder. Meanwhile, Deng used 

current waveform as the input data for SVM [22]. The developed method was used to identify the exact 

location of fault in a power line. From literature review, it is observed that majority of the proposed 

algorithms for fault classification and location were tested on small bus test distribution system only.  

This paper aims to test the SVM for fault classification in both small and big test distribution system. 

 

 

3. FAULT CLASSIFICATION USING SVM 

In order to detect the fault types in a short period for faster fault isolation and increased speed of 
distribution power system restoration process, a machine learning technique using SVM with the 

implementation of the smart metering is introduced. Simulation-based analysis using a software program 

known as OpenDSS has been adopted to run fault analysis for data generation under different fault types of  

a distribution system. 

 

3.1.   Fault Simulations 

The network faults were simulated in the OpenDSS software [23]. The initial progress started off 

with the initialization of all the variables in the software. Simulations of pre fault and on-fault conditions 

were conducted and the output data from pre fault was used to validate the data of on-fault conditions.  

11 types of fault condition comprise of single line to ground, double line to ground, line to line and three 

phase faults with 9 different fault impedances were simulated as the input data for SVM. Voltage data was 

used as the machine learning input. Figure 1 shows the flowchart of data generation through fault simulations 
using OpenDSS software.  

 

3.2.  Support Vector Machine (SVM) 

SVM is an intelligent tool and known as a new machine learning technique which is  

a statistical learning method with a powerful theoretical foundation based on Vapnik-Chervonenkis theory. 
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SVM has been successfully applied to classification, regression, and density estimation problems [16].  

The fundamental theory of Support Vector Machine is described as shown in (1) and (2) [24]: 

 
*(     ) (     ) (     )  (     )+              (1) 

 

      {-     } (2) 

 

Where  
x = system input 

yi = the system output 

 

As eloquently stated by Vapnik’s formulation, SVM classifier can be formulated as (3): 

 

 ( )      ( )    (3) 
 

Where  

ψ (x) = non-linear function that maps the input x into feature space 

wT     = m-dimensional vector 

b       = the system output 

In order to divide the data into the feature space linearly, the decision function must satisfy certain 

conditions which as shown in (4): 

 

  (   (  )   )    (4) 

 

Where            

 

 

 
 

Figure 1. Flowchart of Fault Simulations in OpenDSS 
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3.3.   SVM Parameter Selection 

In order to develop a SVM model, several parameters must be specified: 

a) The C parameter - A smaller margin is accepted for larger C values if the decision function is better at 

correctly classifying all training points and also defines the high penalty for errors. A lower C actually 

encourages a greater margin, therefore a simpler decision function and for the accuracy of cost training 

[25-26].  

b) The gamma parameter (γ) -This parameter determines the interaction between the error reduction and 

the smoothness of the function. The high gamma value demonstrates the correct fitting of the training 
data. The low value of gamma exemplifies the reduction of the model problem [27]. 

c) The sigma parameter, σ2 - A higher value of sigma will show smooth and flexible in SVM decision 

function [27]. 

d) Kernel function K (x, y) - SVM used non- linear mapping to map the training data points into a higher 

dimensional feature space. There are four types of kernel functions that can be used in SVM to 

construct mapping [21, 28-30]. In reference [19-21, 27-29], the RBF kernel is chosen as the best choice 

for the SVM kernel function because the RBF kernel has fewer numerical problems. The RBF kernel 

has low hyper- parameters than the polynomial kernel. Last but not least, RBF kernel maps samples into 

higher dimensional space non-linearly which not similar to the linear kernel. In references [31],  

the range of C chosen for training is (1, 100000) and ranges of gamma, γ are (0.005, 20.0). 

 

3.4.   Python Programming 
This paper uses Python as the programing language. Python’s extensive machine learning library 

database and the support community are the main reasons of choice for this research. Python programing 

framework also has the ability to automate the process of training the models and interchanging the 

transformation methods. Figure 2 shows the flow chart of the proposed SVM algorithm in Python.  

Pandas is highly recommended for large amounts of data to analyze. Pandas is an open-source 

Python library that provides high performance data analysis tools and easy to use data structures. The pandas 

work extremely well in Jupyter notebooks to share data, code, analysis results, visualizations, and narrative 

text. The pandas library has csv parsing capability as well to handle the data analysis. In scikit-learn,  

an estimator for classification is a Python object that can predict the classes to which the samples belong.  

An estimator is the class which implements support vector classification (SVC) [32]. 

Before the process of importing data into the Python framework, the data must be subjected to 
preprocessing. The preprocessing task was divided into formatting and cleaning up the sets of data.  

The format of the data file depended on the programing platform and the import library. Since Python was 

used to develop the algorithm, the data has to be in comma-separated values (CSV) extension file format [9]. 

Thus, in order to comply with the Python data reading standard, the original text file was converted into CSV 

by using Microsoft’s Excel package. The converted CSV file was then subjected to the cleaning and 

screening process. During this process, each missing data was replaced with zero values so that the integrity 

of the data size was maintained. 

The processed data were then imported to Python’s framework by using Pandas library. The first 

part of the Python’s data transformation framework was the data transformation module. Data transformation 

module is the library for all three-data transformation methods that were investigated in this paper. The way 

the transform module worked was by selecting one data transformation method for each run. During each 
run, two different model evaluations were tested which were split train and k-fold. Both of these validation 

methods have been widely used in classification based machine learning. The split train method is based on 

the principle theory in which data are randomly split to a certain percentage for testing and training the 

model. Meanwhile, k-fold allocates the data into a certain number of folds for training with the rest of the 

data for the training model. Unlike the split train, k-fold uses the whole data sets for training and testing. 

However, the method used does not over-fit the model, which makes k-fold the most sought-after method for 

classification accuracy validation. 

For the split train model evaluation, the data were split for training and testing with a split 

percentage for testing and training. Meanwhile, k fold split the data into 18 folds which were used for both 

training and testing the transformed data. The model derived from the classifier-learning algorithm was then 

tested with the test data. The accuracy values were calculated and shown at the end of the process. 
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Figure 2. Flowchart of SVM Fault Classification in Python 

 

 

4. SIMULATION RESULTS 

The data used were obtained from the fault simulation on standard IEEE 34 and IEEE 123 bus test 

distribution system. IEEE 34 bus test system reflects an industry standard distribution test with a nominal 
voltage of 24.9 kV located at Arizona. This system is characterized by long and lightly loaded, two in-line 

regulators, an in-line transformer for short 4.16 kV section, unbalanced loading, and shunt capacitors [33-34]. 

IEEE 123 bus test system operates at a nominal voltage of 4.16 kV. It is characterized by overhead and 

underground lines, unbalanced loading with constant current, impedance, and power, four voltage regulators, 

shunt capacitor banks, and multiple switches [33-34]. 

The value of gamma, γ and C parameter values are set manually. In trial and error method, the SVM 

parameters, γ and C were varied randomly in the training process. The value of C is kept constant when a 

high accuracy is achieved in this paper. The test size represented as the percentage separation of training data 

and testing data. In this paper, different test size are used for comparison result of accuracy, where test size of 

0.1 is defined as 90% training data and 10% of testing data and respectively for test size of 0.2. There are 

48880 data for IEEE 34 bus and 1 346 310 data for IEEE 123 bus test system.  

Table 1 show the fault type classification of IEEE 34 bus test distribution system. Based on Table 1, 
the classification accuracy is the highest when the test size ia 0.1 and the value of gamma is 0.01 with the 

highest classification accuracy of 99.99% for single line to ground fault type. On the other hand, the SVM 

training method takes longer computation time when gamma is 0.1 compare to 0.01. 

Table 2 show the fault type classification of IEEE 123 bus test distribution system. From Table 2, 

the classification accuracy is the highest when the test size is 0.1 and the value of gamma is 1. The highest 

classification accuracy obtained is 99.08% for single line to ground fault type. Based on both tables, it is 

found that the accuracy result is higher when the number of training data is increased. However, there is no 

correlation observed for the value of gamma and C. Averagely, the classification accuracy for IEEE 34 bus 

system is higher compare to IEEE 123 bus system. This is because the number of bus is smaller hence higher 

classification accuracy is achieved easily. Nevertheless, the results show that the developed algorithm are 

able to classify the faults correctly on IEEE 123 bus test distribution system. 
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Table 1. Fault Type Classification of IEEE 34  

Bus System 
Fault Types Accuracy % 

Test Size = 0.1 Test Size = 0.2 

γ = 

0.01 

γ = 

0.1 

γ = 

0.01 

γ = 

0.1 

Single line to ground 99.99 91.45 92.44 90.67 

D
u
le line to 

ground 

96.43 85.34 90.12 81.45 

Line to line 95.83 80.00 91.37 76.47 

Three phase 80.77 76.44 80.11 70.12 
 

Table 2. Fault Type Classification of IEEE 123  

Bus System 
Fault Types Accuracy % 

Test Size = 0.1 Test Size = 0.2 

γ = 0.1 γ = 1 γ 
 
.1 γ = 1 

Single line to ground 98.14 99.08 98.17 98.05 

Double line to ground 72.78 91.89 83.92 80.12 

Line to line 72.89 80.98 79.80 80.98 

Three phase 80.65 81.21 72.49 72.55 
 

 

 

5. CONCLUSION  

Fault type classification is important in power system protection and service restoration.  

Most research works have considered the fault diagnosis for overhead transmission systems but not many on 

distribution systems. The research done in distribution system mostly tested on small bus test distribution 
system. This paper has developed a machine learning algorithm known as SVM for fault classification in 

distribution system. SVM is chosen based on its capability of classifying different types of fault with high 

accuracy in a short period of time. The developed algorithm was tested in IEEE 34 and IEEE 123 bus test 

distribution system. Various test cases have been conducted in Python including variation of parameters 

gamma and test size using SVM technique to classify types of fault. Results show that the developed 

algorithm are able to classify types of fault with good accuracy at both IEEE 34 bus and IEEE 123 bus test 

distribution system. 

In order to classify correctly with higher accuracy, a right combination of SVM parameter values are 

required. Try and error method is tedious, time consuming and does not guarantee the optimal combination of 

SVM parameters. The initial finding from this paper reveals that an automated or hybrid SVM algorithm to 

determine the optimal combination of SVM parameters are needed in order to obtain the highest fault 

classification accuracy. 
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