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ABSTRACT  

 

This paper presents a strategy aimed to improve the performance of a fault locator based on support vector machines (SVM). The 

strategy is based on the definition of the best number of operative conditions for parameterization and training stages, oriented to 

reach the better performance in minimal time intervals. The proposed methodology is tested in three distribution power systems 

designed according to the national technical standards for the different voltage levels. This paper shows the dependence relation 

between the training and parameterization databases with the performance of the fault locator 
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RESUMEN 

En este documento se presenta una estrategia implementada para mejorar el rendimiento de un localizador de fallas basado en la 

máquina de soporte vectorial (SVM). La estrategia se fundamenta en la definición del mejor número de condiciones de parametri-

zación y entrenamiento  para alcanzar buenos desempeños en un mínimo tiempo posible. La metodología propuesta se valida en 

tres circuitos de distribución diseñados con normas técnicas colombianas con diferentes niveles de tensión. Este análisis muestra que 

existen relaciones de dependencia entre la base de datos de entrenamiento y parametrización con el rendimiento del localizador. 
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Introduction123 
 

Service continuity in power distribution systems is a very im-

portant aspect for power utilities. These have to provide a good 

service, but faults at the power system are difficult to avoid. 

Faults affect the financial balance of the utility due to the cost of 

compensations for low continuity indexes, non-supplied energy 

and maintenance team workforce, among others [Dash, et al., 

2007] 
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The most common fault in power distribution systems is the 

single-phase fault [Mora, 2006]. In most of the cases, these faults 

are difficult to localize due the length of the feeder, the level of 

the power distribution automation, presence of transient faults 

and the constrained availability of the maintenance staff. The 

restoration time strongly depends on the fault location time; 

nowadays in most of the utilities does not have any helping tool 

to facilitate the automatic fault location. 

To solve this problem, several methodologies have been imple-

mented and these methods use measurements of the voltage and 

current at the main power substation between fault and pre-fault 

stages [Agudelo, et al., 2014], [Orozco, et al., 2012], [Livani & 

Evrenosoglu, 2014]. There are two groups of fault location algo-

rithms, the first is called methods based on the power system 

model and the second one is the method based on knowledge. 

The first one is based on the creation of a model of the power 

system to estimate the distance to the fault; this methodology 

has the problem of multiple estimation [Thukaram, et al., 2014] 

[Morales, et al., 2010]. The second one is based in data mining 

methods and has been used to determine the faulted zone and 

also to solve the multiple estimation problem [Gil, et al., 2013]. 

Data mining are techniques to extract information from the 

database. The size of the database is determinant in the perfor-
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mance of the fault locator, one of the most critical aspect in 

these methods is the training time, when there are large amounts 

of data, the time intervals and performance will be high but Little 

data often will reflect in minimal time intervals, and the perfor-

mance will also be low. The actual estimation to determine the 

optimal size of the database is not an easy problem. 

In this paper is proposed a strategy to improve the performance 

of the fault locator based on support vector machine (SVM). The 

main idea is to obtain the number of operative conditions (data-

base of faults for an operative condition of the power system) 

for training and parameterization stages that reach the best 

performance of the locator. This methodology has been imple-

mented for three power distribution systems designed with the 

Colombian standards. The support vector machine based fault 

locator belongs to the group of knowledge-based methods and 

as is described in several papers, the approach presents a good 

performance [Gil, et al., 2013], [Agudelo, et al., 2014]. However 

in most of the cases, the parameters are determined in a heuris-

tic way, then number of operative conditions used in parameteri-

zation and training stages is here analyzed to determine the best 

relation between the computational effort and the performance 

of the fault locator. 

This paper is divided in five sections. The section II presents the 

basic theoretical aspects, while the section III explains the pro-

posed methodology. Section IV is devoted to show and analyze 

the obtained results, and finally, the section V presents the main 

conclusions obtained on the here reported research. 

Theoretical aspects 
This section is devoted to present the basic concepts used in this 

paper; detailed information are out of the scope of this section, 

however it can be obtained at the provided references. 

A- Support vector machine 
The support vector machine (SVM), is a classification technique 

that has recognized advantages over other classification tech-

niques such as robust performance, generalization capability, 

single parameter dependency and the use of a kernel function, 

among others (references). 
The SVM is a binary classification technique; however, it can be 

generalized to be a multiclass classification technique by using a 

decomposition-reconstruction technique has been reported in 

[Mora, 2006]. The here used decomposition and reconstruction 

strategies are next explained. 
Decomposition one vs one (OVO): This strategy is used to convert 

the support vector machine from a binary classification machine 

into a multi-class machine. In this phase, a multi class problem is 

decomposed in N binary classification problems [Mora, 2006]. 
Reconstruction by simple vote: This phase is aimed to integrate the 

results of the N binary problems and emulate the behavior of a 

single multi classification machine. This voting scheme is used in 

the here presented research due to its easy to implementation 

and the reduced quantity of ties between classes [Gutiérrez, et 

al., 2010], [Morales, et al., 2010]. 

B- Data base generation 
The fault database required to develop the proposed approach, 

is obtained using several tools created by the research group. 

Some of the most relevant used tools are briefly presented. 
RF simulation is an algorithm developed to generate faults in a 

power distribution system, which is based in techniques as Latin 

hypercube, sensitivity analysis, among others, to create an 

amount of operative conditions by variations on loads, supply 

voltage, power frequency, among others. In those conditions, the 

algorithm performs faults in every node of the analyzed power 

system, and voltages and currents at the main power substation 

are measured and stored [Mora, et al., 2006]. This tool uses an 

efficient combination of the Alternative transients program 

(ATP) and MATLAB. 
Latin hypercube is the here used sampling technique, because it is 

independent of the analyzed model. It also reduces the number 

of evaluations, generating a small dataset that fully represents the 

total sampling space [Alzate, et al., 2014]. This technique is used 

here to determine the operative conditions of the analyzed 

power distribution system, to be simulated wit RF simulation 

tool in order to obtain the fault database. 

Proposed methodology  
The figure 1 shows the proposed methodology scheme. This 

scheme consists of five different stages aimed to improve the 

fault locator performance. 
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Figure 1. Methodology scheme. Source: authors 

A- Stage 1: Data acquisition and preprocessing, 

Data acquisition: Using the Latin hypercube technique, the varia-

tions from the rated conditions of the power distribution system 

are obtained. Then, by using the simulation RF tool, faults are 

performed in each node and using different values of fault re-

sistance, at the analyzed power distribution system. 

Data preprocessing: The data processing improves the perfor-

mance of SVM while the computational effort is reduced. This 

process consists of feature extraction and normalization of data-

base, which aims to eliminate unnecessary or inconsistent infor-

mation for the SVM [Gil, et al., 2013]. At this stage, features as 

the magnitude and angles of voltages and current measured at 

the main power substation and during pre-fault and fault condi-

tions, are obtained. 

B- Stage 2: Selection of kernel and scheme decom-
position/reconstruction 

Type of kernel: Several kernels can be used, however the radial 

basis function (RBF) was selected due the adequate performance 

in all the fault location researches [Agudelo, et al., 2014], [Thu-

karam, et al., 2014], [Mora, 2006], [Gutiérrez, et al., 2010]. 

Scheme of decomposition and reconstruction: At the proposed 

methodology the one vs one (OVO) decomposition method has 

been used. In addition, single voting reconstruction method is 

also used. These methods transform the binary classifier in a 

multi-class classifier as previously explained, [Gil, et al., 2013]. 

C- Stage 3: Parameterization 

At this stage, the optimal parameters of the classifier are deter-

mined (C and γ, where C is the penalty parameter for SVM and γ 
is the kernel parameter). The parameterization stage in the 

proposed method is an iterative phase due to the use of a de-

termined number of operative conditions. k at figure 1, it is a 

counter of the number parameterizations performed; this pro-

cess is repeated U times. 

The Tabu metaheuristic searches the optimal parameters using as 

objective function the cross-validation error. Then the algorithm 

obtained the smallest cross-validation error, as presented in [Gil, 

et al., 2013].  

Parameterization: This phase is the important due to the optimiza-

tion algorithm (metaheuristic Tabu) because, this technique 

improve the separation of data. The rated operative condition is 

needed for this process because it is recommend using less than 

1% of the all operative conditions at the database (the parame-

terization must to be a fast process).  

The parameterization in the scheme (figure 1) must to be done 

with different numbers of conditions; the final idea is to deter-

mine an optimal number of parameterization conditions that 

improve the performance of the locator. 

In this paper has been used one, three, five, seven and nine oper-

ative conditions, including the nominal condition, for the parame-

terization process, then U=5. 

D- Stage 4: Training 

At this stage, optimal parameters obtained for every parameteri-

zation are used (U parameterization). According to the previous-

ly exposed, the machine must to be trained several times (NxU). 

The training process is computationally expensive; however the 

number of training conditions is determinant in the final perfor-

mance. Therefore it is recommended use less than 10 % of the 

totals power system operating conditions. 

The training process is performed for different numbers of con-

ditions (N). Moreover it is important that all the training condi-

tions have to be done for every single parameterization (k).  

In training process, n and k are training counters. The numbers 

of training conditions chosen are 50, 100, 150, 200, 250, 300, 

350, 400 and 700, then N=9. This number of conditions was 

choosing because the performance is good and the computation-

al cost is not very expensive.  

E- Stage 5: Validation 

Using the fault database, each training process in stage 4 is evalu-

ated for the remaining of the database not used in parameteriza-

tion and training stages.  

The validation phase is performed for all of the training condi-

tions analyzed on stage 4. This process is done with more than 

80 % of the total database, in this phase is determined the per-

formace of the learning technique. 

The parameter p in the scheme (figure 1), it is a counter that 

increments with each validation set used at the training process. 

The total number of training conditions is NxU, (N total number 

of training for each parameterization conditions, U total number 

of parameterization conditions). 

Obtained results 
At this research three distribution power systems was selected 

to validate the proposed strategy; these power systems are a 

good replica of the currently installed power distribution systems 

in Colombia, and probably in several regions of the world [Livani 

& Evrenosoglu, 2014]. 

The tests circuits are shown in figures 2, 3 and 4, for these cir-

cuits was obtained a large database with 5000 operative condi-

tions. 

Urban power networks, at 13.2kV rated voltage: these power distri-

bution systems are common in the urban zones, which are main-

ly characterized by the presence of many single and three phase 

laterals and loads of relatively low power. A sample of such 

power systems is shown in figure 2. 

 

 

Figure 2. Urban Network at 13.2 kV rated voltage. Source: authors 

Rural power networks, at 34.5 kV rated voltage: many of the power 

distribution systems in Colombian, have circuits, which are de-

signed to operate at this voltage level. These are used to supply 

small towns and medium industries. A single line layout of this 

system is shown in figure 3. 
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Figure 3. Rural Network at 34.5 kV rated voltage. Source: authors 

Rural power network, at 44 kV rated voltage: this type of power 

systems can be classified as sub transmission lines [Epm, 2009]. A 

sample of this power feeder is shown in figure 4 

 

Figure 4. Rural Network at 44 kV rated voltage. Source: authors 

In figures 5, 7, 9 show the performance of the fault locator relat-

ed to the number of training and parameterization conditions for 

each analyzed power system. In addition, the training time for 

each circuit is illustrated in figure 6, 8 and 10. Furthermore these 

graphs are important because shows that better performance is 

computationally expensive.  

Parameterization: Five different sets of operating conditions for 

each circuit were used in training. The different used conditions 

are: 1- rated condition, 2- rated condition plus two random 

obtained operating conditions, 3- rated condition plus four ran-

dom obtained operating conditions, 4- rated condition plus six 

random obtained operating conditions, 5- rated condition plus 

eight random obtained operating conditions. 

Training: At this phase, 700 operating conditions were used for 

each circuit. Sets of 50, 100, 150, 200, 250, 300, 350, 400 and 

700 random operative conditions were considered. More oper-

ating conditions were not tested because the not affordable 

computational cost. 

Validation: in this phase 4000 operating conditions for each circuit 

were used. The training models obtained at stage 4 are evaluated 

for each operative condition. 

A- Urban power network, at 13.2kV rated voltages 

The performance of the fault locator at the selected training 

conditions are shown in figure 5. The variable at the horizontal 

edge means the training conditions. The variable at the vertical 

edge mean, the performance of the locator. The performance is 

the test of the validation condition in each training model (stage 

4). 

 

Figure 5. Performance of the fault locator versus the number of operating 
conditions used in training. Source: authors 

As shown in figure 5, the performance increases as the number 

of training and parameterization conditions does. The training 

using more than 200 operative conditions increases the perfor-

mance for some parameterization conditions, but there is not a 

big change. On the other hand, as is shown in figure 6, the time 

for training has an exponential behavior, then the use of more 

than 200 conditions are not recommended. 

 

Figure 6. Time training behavior versus the number of operating conditions 
used in training. Source: authors 

Figure 6 shows that the different sets of parameterization condi-

tions have an insignificant increment at the training time. Howev-

er the computational time is very sensible to the number of 

training conditions, then 200 operative conditions it is a good 

number to choose due to the demonstrated performance of the 

locator and the computational effort at the training time. 

B-Rural power network, at 34.5 kV rated voltage 

The performance of the locator of faults is illustrated in figure 7 

for parameterization and training conditions 
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Figure 7. Performance of the fault locator versus the number of operating 
conditions used in training. Source: authors 

Figure 7 show that the parameterization conditions do not affect 

the performance. Secondly, the number of training conditions has 

dependency with performance but 300 training conditions is a 

good candidate. 

 

In figure 8 are shown the time training conditions. 

 
Figure 8. Time training behavior versus the number of operating conditions 
used in training. Source: authors 

 
The parameterization conditions do not affect the training time 

however the training conditions is determinant, and it is pro-

posed choose 300 conditions due to the low computational time 

cost and the performance reached with this conditions 

 
C- Rural power network, at 44 kV rated voltage 
 
In figure 9 are shown that the better performance is reached by 

7 conditions of parameterization and 300 training operative 

conditions. 

 

Figure 9. Performance of the fault locator versus the number of operating 
conditions used in training. Source: authors 

The figure 9 shows that the locator is sensible to the parameter-

ization conditions like figure 6 and the figure 10 shows the train-

ing computational efforts for 44 kV circuit. 

 

Figure 10. Time training behavior versus the number of operating conditions 
used in training. Source: authors 

In the figure 10, it is validated the supposed in figure 9; the best 

performance is reached by 300 operative training conditions and 

seven parameterization conditions. As result, the locator of fault 

reached a better efficiency in an optimal training time. 

 

In the table 1 are summarized the results for all of the analyzed 

power distribution systems. 

 

Tablet 1 Summary result. Source: authors 
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The strategy proposed allows choosing an optimal number of 

parameterization and training conditions, and shows the effec-

tiveness of the fault locator based on machine learning. On the 

other hand, a general method for a fault location based on sup-

port vector machines is not an easy problem, due the need of 

selection of the adequate parameters to assure good perfor-

mance.  

For each analyzed power system, the method here proposed 

helps to obtain the operative conditions that improve the per-

formance of the fault locator. 

 

Finally, the setting helps to improve the performance of the SVM 

based fault locator, providing a useful tool to improve the power 

continuity at power distribution utilities. 
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