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Abstract— This paper describes the determination of the fault 

location in the power system. This problem is solved in two steps: 

by determining the line on which the fault occurred using the 

classification algorithm of the decision tree and determining the 

fault location on the line by linear regression. In the first step, the 

decision tree algorithm is used to classify the short circuit and to 

determine the faulted line based on the information about the 

residual voltages (voltage dips) on the buses due to the 

occurrence of a short circuit. In the second step, linear regression 

is used to find the fault location on the faulted line. The 

algorithm is tested using the 39-bus IEEE test system. 

Keywords— Fault position, decision tree, linear regression, 

voltage dips  

I. INTRODUCTION 

Classification is one of the major problems in machine 
learning. A prediction model called the decision tree is a 
widely used method for solving this problem. The decision tree 
method [1], [2] can be represented using a graph, where the 
classical construction of the decision tree is implemented using 
statistical methods. Due to the simple and effective 
classification process, that has become a popular method used 
for classification. It has simplified the process of building a set 
of classifiers: for example, deciduous forests, which are 
defined as sets of specific decision trees, which improves the 
quality of the classification. Also, this method is an effective 
supervised technique in high-dimensional data [3]. It has been 
developed in power systems for high impedance fault detection 
[4], transient stability prediction [5], where overview on 
applications of data mining in power systems is given in [6]. 
Decision tree method was used for fault detection and 
classification in solar photovoltaic array in [7]. Fault type is 
describes in Single-Circuit Transmission Lines [8], and fault 

zone is presented in identification and fault classification in AC 
transmissions line [9]. 

The process of creating decision trees is a complex problem 
of multi-criteria decisions that relate to the rules used in 
optimal data separation. Decision trees can easily represent 
complex terms whose definitions can be described based on 
feature space. It has very competitive with other classification 
algorithms with respect to memory usage. 

In this paper decision tree method is used to determine the 
faulted line in the power system based on the voltage dips 
information. After the faulted line is found, linear regression 
method is used to find location of the fault. To test and verify 
the proposed method, IEEE 39 bus system is used. In second 
section, determination of the faulted line using decision tree is 
described. Determination of fault position using linear 
regression method is given in section III. Conclusion is given 
in the last chapter. 

II. DETERMINING THE FAULTED LINE 

A set of samples is obtained in a controlled classification. 
This set consists of n observations, also called objects or 
samples.  

X = {x1, x2, …, xi,… xn}                             (1) 

Each of the observations xi is described by the attributes m, 
which are also called the features a1, a2, …, am. With aj ∈ Aj, 
j=1,…, m, where Aj denotes the domain of the jth attribute. In 
this way a1, a2, …, am form the feature space A1 x A2 x Am. The 
values of these attributes can be quantitative (e.g., price) or 
categorical (for example, weather: “rainy” or “sunny”). Each 
observation belongs to one of C different and known decision 
classes, which can be represented by an expression. 

xi = (Vi, ci), vj
i ∈ Aj, ci ∈ {1, …, C}                     (2) 



Where is Vi=[vi
1, … vi

m] vector in the m-dimensional 
feature space, vj

i is the value of the attribute Aj for observation 
(object) xi and ci is the designation of the class (also called the 
decision class) of the object observation xi. Therefore, X can be 
given by the expression. 

X : {(Vi, ci)}n i=1                                                       (3) 

Accordingly, the classification problem can be defined as 
the determining of how to assign an object to a class, knowing 
that there are different classes of decision C and that each 
object belongs to one of them. 

The decision tree is a classifier that makes decision rules, 
commonly used in operational research, especially in decision 
analysis, to determine the optimal strategy for achieving a goal. 
The decision tree is an acyclic, directed graph in which all the 
vertices are called nodes, the edges are called branches, the 
vertices without descendants are leaves, and the root is the only 
vertex without parent, Figure 1. All nodes contain attribute 
tests A, which are generated according to the selected division 
criteria. They represent a way of specifying a data division that 
splits data by attribute values for that data. Finally, all test 
results are presented with branches [10]. 

The Decision Tree Algorithm was created in Matlab. 3366 
three-phase short circuits were used at different line locations 
in the IEEE 39 bus test system (Figure 2). The data were 
separated so that 2346 (70%) of the data were used for training 
and 1020 data (30%) for testing the trained decision tree. 

Voltage dips that are taken into consideration are based on the 
PQ monitors position. In this paper, monitors are located at the 
certain buses according to the two optimization methods: 
binary bat algorithm and GLPK. There were two tests 
conducted in this paper. The first test used the optimal number 
and location of voltage dips based on binary bat algorithm and 
second based on GLPK (GNU Linear Programming Kit - 
GLPK) optimal solution. The results were analyzed by the 
confusion matrix. In the first test of the 1020 values used that 
were not in the training set and the decision tree encountered 
them for the first time, 58 were misclassified. In other words, 
58 (5.6%) times faulted line was predicted wrong. In the 
second test, the results indicated 60 (60/1020 = 5.88%). At first 
glance, the number of misclassified lines appears to have 
increased by two due to the smaller number of measuring 
devices, however, by comparing the confusion matrices they 
differ in certain cases shown in Table 1. 

From Table 1. it can be seen that the difference in the errors 
occurred at lines 10, 11, 16, 19, 25 and 34. The other errors are 
the same with both methods. From this example, it can be 
concluded that the arrangement of voltage dip measuring 
devices not only affects the number of misclassifications 
determined by the decision tree method but also affects the 
accuracy of the classification. Different voltage dip meter 
locations will result in different classification errors. 

 

 
Fig. 1. Decision tree 

 

  
Fig. 2. IEEE 39-bus test system 



TABLE I.  COMPARISON OF TESTS 

Binary bat algorithm GLPK 

Predicted (Line) Real (Line) Predicted (Line) Real (Line) 

Line 10 30 30 
Line 10 29 

30 
Line 11 1 

Line 11 29 
30 

Line 11 27 
30 

Line  9 1 Line 10 3 

Line 16 29 
30 Line 16 30 30 

Line 17 1 

Line 19 28 

30 

Line 19 28 

30 Line 20 1 Line 20 1 

Line 8 1 Line 18 1 

Line 25 29 
30 Line 25 30 30 

Line 21 1 

Line 34 24 
30 

Line 34 23 
30 

Line 22 6 Line 33 7 

III. DETERMINING THE FAULT POSITION ON THE LINE 

Regression analysis test the dependence of one variable on 
another or more other variables using different methods of 
testing for dependence. Dependent variables are those whose 
variations are explained by other variables which are called 
independent variables. A regression model is an algebraic 
model that analytically expresses the statistical relationship 
between phenomena and is the basis of any analysis. Multiple 
linear regression is the basic regression model and is used to 
represent analytically the covariance of one numerical 
(dependent) variable using several other numerical 
(independent) variables. A general model of multiple linear 
regression is given by the expression: 

Y=α+β1 X1+β2 X2+⋯+βj Xj+⋯+βK XK+e              () 

where Y is the dependent variable, are X1, X2, …, XK are 
values of the independent variable, α and βj, j = 1,2, …, K 
values of unknown parameters, e is random variable (relation 
error) [11]. 

Multiple linear regression code was created in Matlab, the 
line to be tested needs to be selected. The 30 fault points shown 
in the table were used and the estimated fault percentage of the 
line is below. Table 2. gives a comparison of 39, 14, and 13 
voltage dip devices. 

From Table 2. it can be seen that when using data from 13 
voltage dip measuring devices the largest error is 1.08% when  

predicting fault at 4% of line 8 length. As the length of the line 
is 51.18 km, 1% of the length of the line is 0.5118 km, which 
equals 511.8 m. However, when predicting fault at 18% of line 
8 length, the absolute error is 0.65% which is less than 0.96% 
at 39 voltage dip meters but more 0.47% which is achieved 
when are use 14 voltage dip meters.  

Table 3. shows the results of the fault prediction on the 
percent of the line for the longest Line 26-29 (Line 33), which 
is 247.96 km long. Where "AE" in the table represents an 
absolute error between the actual value and the predicted value 
and No.MD represents the number of measuring devices 
installed. From Table 3. it can be seen that the largest absolute 
error occurs when predicting fault at 17% of Line 33 length 
and is 3.39%, using the optimum location of voltage dip meter 
devices determined by the binary bat algorithm. 

As the line length is 247.96 km, 3.39% of the line length is 
8.4 km. The largest absolute error in the use of measuring 
devices on all buses is 2.12% in predicting the fault location at 
66% of the line length, where the absolute error with binary bat 
algorithm (14 inputs from measuring devices) is 0.64% or less 
than 1%. Using the optimum location of devices for measuring 
voltage dip according to GLPK, the highest absolute error is 
achieved when predicting fault at 79% of line length and is 
2.17%, while for predicting the same fault location, using 14 
measuring devices, the absolute error is 1.62 %. 

 

TABLE II.  COMPARISON OF 39, 14, AND 13 VOLTAGE 

DIP DEVICES. 

No.MD 2 4 10 11 14 15 17 18 28 31 

39 1,9 3,24 9,86 11,36 13,55 14,81 17,17 18,96 28,5 31,12 

AE 0,1 0,76 0,14 0,36 0,45 0,19 0,17 0,96 0,5 0,12 

14 1,07 3,11 9,66 10,61 14,51 15,19 17,49 18,47 28,43 31,74 

AE 0,93 0,89 0,34 0,39 0,51 0,19 0,49 0,47 0,43 0,74 

13 1,11 2,92 9,68 10,55 14,53 15,22 17,38 18,65 28,63 31,70 

AE 0,89 1,08 0,32 0,45 0,53 0,22 0,38 0,65 0,63 0,70 



Line 8 fault location in % 

No.MD 34 35 37 43 47 48 55 60 61 66 

39 34,58 35,1 37,07 43,72 47,16 48,64 55,96 59,54 60,94 65,21 

AE 0,58 0,1 0,07 0,72 0,16 0,64 0,96 0,46 0,06 0,79 

14 34,33 35,23 37,00 43,12 47,39 47,63 54,74 59,91 60,72 65,81 

AE 0,33 0,23 0,00 0,12 0,39 0,37 0,26 0,09 0,28 0,19 

13 34,29 35,26 36,98 42,92 47,29 47,65 54,82 59,69 60,64 65,68 

AE 0,29 0,26 0,02 0,08 0,29 0,35 0,18 0,31 0,36 0,32 

Line 8 fault location in % 

No.MD 67 68 75 83 85 86 87 91 94 98 

39 67,05 68 74,39 82,94 85,34 86,06 87,2 91,08 94,23 98,08 

AE 0,05 0 0,61 0,06 0,34 0,06 0,2 0,08 0,23 0,08 

14 66,64 67,77 74,30 82,35 84,92 85,71 86,81 91,00 94,55 98,84 

AE 0,36 0,23 0,70 0,65 0,08 0,29 0,19 0,00 0,55 0,84 

13 66,77 67,71 74,20 82,40 84,84 85,71 86,75 91,26 94,40 98,72 

AE 0,23 0,29 0,80 0,60 0,16 0,29 0,25 0,26 0,40 0,72 

 

TABLE III.  PREDICTED VALUES FOR LINE 33 (LINE 26-
29). 

No.MD 2 4 5 13 17 19 22 23 28 31 

39 2,19 2,47 4,69 12,19 17,48 18,19 22,26 22,52 28,58 32,07 

AE 0,19 1,53 0,31 0,81 0,48 0,81 0,26 0,48 0,58 1,07 

14 1,01 2,47 3,40 13,41 20,39 19,27 20,34 23,18 29,66 32,88 

AE 0,99 1,53 1,60 0,41 3,39 0,27 1,66 0,18 1,66 1,88 

13 2,57 4,08 3,88 12,68 17,86 18,62 21,19 22,51 28,24 31,96 

AE 0,57 0,08 1,12 0,32 0,86 0,38 0,81 0,49 0,24 0,96 

Line 33 fault location in %  

No.MD 36 39 41 42 45 47 48 49 54 58 

39 37,43 39,43 41,23 41,72 45,74 47,25 48,88 48,62 53,81 57,59 

AE 1,43 0,43 0,23 0,28 0,74 0,25 0,88 0,38 0,19 0,41 

14 36,09 40,55 41,08 41,58 42,37 45,20 48,34 49,77 52,79 58,94 

AE 0,09 1,55 0,08 0,42 2,63 1,80 0,34 0,77 1,21 0,94 

13 36,96 40,55 40,62 41,66 44,40 46,89 47,74 49,67 53,46 58,35 

AE 0,96 1,55 0,38 0,34 0,60 0,11 0,26 0,67 0,54 0,35 

Line 33 fault location in % 

No.MD 61 62 64 66 69 70 79 83 84 96 

39 60,23 61,07 63,58 63,88 68,52 70,20 78,56 82,66 84,19 95,80 

AE 0,77 0,93 0,42 2,12 0,48 0,20 0,44 0,34 0,19 0,20 

14 60,49 60,39 61,62 65,36 67,76 68,32 77,38 82,84 82,85 97,59 

AE 0,51 1,61 2,38 0,64 1,24 1,68 1,62 0,16 1,15 1,59 

13 61,07 62,52 63,70 66,53 69,27 69,02 76,83 83,49 83,03 97,24 

AE 0,07 0,52 0,30 0,53 0,27 0,98 2,17 0,49 0,97 1,24 

IV. CONCLUSION 

The classification of fault-affected lines was performed 
using the decision tree algorithm, where the fault line was 
determined with great precision. Out of 1020 test samples, 58 
(5.6%) times faulty line was classified wrong, which gives an 
accurate method of classifying fault affected line. After 
determining the faulted line, a multiple linear regression 
predicts the fault location at the line. When testing for Line 8, 
5.18 km long, the error was less than 1%, which is 511.8 m 

(1% of line length), however, for Line 33, 247.96 km long, the 
error was 3.39% of line length, which equals 8.4 km. So, using 
multiple linear regression to determine the fault location at the 
line length will not give satisfactory results for all lines. 
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