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Artificial neural networks applied to faulted section location  

in distribution network 
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Recently, there has been an increase in the usage of novel devices in distribution networks for fault locating and detection, such 

as fault indicators (FI). They provide additional data sets that can help with faulted section location (FSL). This paper proposes 

an artificial neural network (ANN) method that uses the FI statuses to determine the FSL in a radial distribution network. The 

advantage of this approach is its high accuracy, and the method does not require the analysis and calculation of any electrical 

variable. This method simplifies FSL since it requires no previous comprehension of electrical variables such as voltage, 

current, etc. It is unaffected by fault types, making it easy to implement in a distribution network. The proposed method for 

FSL is tested on the IEEE 33 bus system: different fault scenarios are simulated, including single fault, multiple faults, and loss 

of information, all with distributed generation (DG) in the distribution system. A method based on ANN shows high accuracy 

and can detect faulted sections even in the case of information losses. The used method attained an accuracy of 92.1% in the 

DN with a single fault, 90% in the DN with multiple faults, and 94.1% in the DN with multiple faults and DGs. 
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1 Introduction 

In contemporary distribution network fault detection 

(FD) is crucial to maintaining the reliability of the power 

supply. The distribution network (DN) is far more prone 

to faults than the transmission network due to its 

topology and large size [1]. The methods for fault 

detection can be divided into three groups: fault 

classification (FC), fault location (FL), and their 

combination. FC is a detection class that detects the type 

of fault, e.g., single-phase, three-phase, etc. FL is a de-

tection class that searches for the location of the fault. 

By reviewing the literature, a lot of researchers deal with 

both problems of FD. Various FL methods for 

distribution systems have been proposed [2], such as 

computer intelligence methods like ANN, Support 

Vector Machine (SVM), and Random Forest (RF) used 

in FD [3]. ANN FL methods significantly decrease time 

and prevent human error. Therefore, ANN-based FL 

methods were employed by numerous researchers to 

locate distribution system faults [4]. The local current 

and voltage signals are used by the ANN for FL 

determination to estimate the faulted section [5]. The 

suggested hybrid method was built as embedded 

software and verified using simulations of the 

Electromagnetic Transients Program [6] and Alternate 

Transient Program [7]. An effective method for locating 

a single-phase to-ground fault under direct fault and 

through grounding resistance fault in DN is provided in 

the literature [8]. This method is based on the power line 

by setting zero-sequence current and voltage. A resonant 

grounding system examines the parallel resonance 

process that takes place during a single-phase high-

impedance fault. In literature [9], characteristic 

frequencies linked to each potential FL are calculated 

using fault distance information. To determine the 

traveling wave caused by the fault's most important 

frequency components, a transient analysis is suggested 

to assess the traveling wave's spectral content. To 

determine the FSL, the authors in [10] used the Bayesian 

Compressed Sensing approach to obtain the sparse 

solution of the fault current. According to the simulation 

results, for a variety of fault circumstances, the location 

success rate is greater than 95%. The quantities that the 

authors in [11] utilize are voltage magnitude, angle, and 

sequence components that are obtained using distributed 

non-synchronized monitoring devices that are connected 

to secondary substations. The three-phase line current 

measurements acquired at a single substation relaying 

point were analysed using the discrete wavelet transform 

to extract characteristic features [12]. A multi-layer 

ANN model that served as FL predictors and FL 

classifiers, respectively, was then given these character-

ristics. The literature [13] makes use of synchronized 

voltage and current measurements at the DG unit 

interconnection, which may adapt to modi-fications in 

the system architecture for all types of faults with 

different fault resistances on all system segments, with 

extremely positive outcomes. The use of electrical 

variables in FL and FC approaches, which necessitates 

online monitoring and measurements and may incur 

additional costs, is a significant drawback. The equip-

ment required to read these variables is complex and 

costly. Authors conducted research in the literature [14] 

to develop and put into practice a real-time fault location 
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laboratory-scale model using accessible hardware com-

ponents. The system is equipped with an inbuilt fault 

location mechanism that uses impedance to calculate the 

distance to the fault. 

In [15] literature, the authors use ANN to classify 

transformer failures. To avoid the necessary electrical 

variables and transients, the authors [1] use a new hybrid 

method combining Discrete Wavelet Transform (DWT) 

and ANN for FL in DN. Using fault status signals 

gathered by feeder terminal equipment to provide 

precise and quick FL has grown in importance as more 

and more feeder terminal equipment, such as fault 

indicators (FI), are implemented in DN [16]. When  

a large fault current flows, the FI switches off the signal 

and sends it to SCADA [17]. This strategy will not work 

in the case of DG providing a fault current in the 

opposite direction. A matrix-based approach for the 

identification and separation of malfunctioning feeder 

sections on DN is proposed by authors in the literature 

[18], wherein FI devices are used. The algorithm 

operates in two stages: the first stage recognizes the 

system's radial feeders automatically and displays the 

topology of the feeders in a matrix form; the second 

stage recognizes the feeder's defective section 

automatically and opens the appropriate switches to 

isolate it. Because the approach uses switch device status 

detection and measurement device information, it can be 

used for both single and multiple faults. The authors of 

[12] employ two ANNs; one ANN is for FC, and the 

other ANN is for FL. The input for both ANNs is entropy 

per unit, whose indices are calculated using DWT 

decomposition of fault transient signals from three-

phase line current measurements at a single substation 

relaying point.   

Both approaches have their benefits and drawbacks. 

Analysing electrical variables and transients is 

challenging due to factors such as fault types and system 

parameters. Using status information from FIs simplifies 

the application of FL in DN. The use of electrical 

variables and transients has been shown to effectively 

solve the problem of FSL in DN across various con-

ditions and network configurations. This approach also 

minimizes technical and financial barriers, making it 

suitable for modern DNs with diverse configurations and 

monitoring infrastructure. The reviewed literature shows 

that existing limits exist in networks with many nodes, 

where it takes a long time for the methodology to reach 

the FL conclusion. Comparing this method with existing 

methods for FSL, it has high accuracy and simplified 

methodology. 

The proposed FSL method is implemented on a stan-

dard radial IEEE 33 bus system [19]. Compared to [13], 

and [20], this paper utilizes only one ANN, which 

decreases the complexity and increases the time of 

implementation of the FSL method. In literature [16],  

a topology search algorithm that uses the status of FI 

indicators is developed for faulted section location. 

Unlike [16], method developed in this paper uses the 

ANN method that uses the statuses of FI indicators as 

input data, and this method has high accuracy and fast 

implementation. The contributions of this study are: 

• The developed method uses ANN to determine the 

FSL in DN. ANN model can handle multiple faults 

on distinct branches in addition to single faults. 

According to the results, the suggested ANN works 

well for DN with DGs.  

• Developed method based on ANN can detect the 

faulted section of the distribution network as well as 

rectify the incorrect status of FI or the information 

loss. 

• The proposed method is tested with different sce-

narios on the IEEE 33 bus system. 

 

2 DN model description 

DN is becoming more advanced with the growing 

usage of intelligent measuring devices like FIs. The 

radial feeders have installed FIs at each node, and the 

node represents a substation from medium to low 

voltage in the DN. Fault current flows from the 

substation to the fault location when a fault arises, and 

the FI data can then be gathered by the FIs. When the 

fault current passes through the FI, it activates the FI, 

which sends a binary signal and is reported to the control 

centre or SCADA. 

 

 

Fig. 1. Operation status of FI 

 

When it detects a fault current flowing in the other 

direction, reverse triggering takes place, and the status is 

set to "–1". DGs deliver fault current to the FL. The 

substation to the end of the line is considered the positive 

direction, used to identify the fault current's direction. 

When the forward-triggered FI equipment notices a fault 

current flowing from the substation to the affected 

location, it sets its status to "1". The status is set to "0" 

when no fault current is detected. Three distinct FI 

functioning states are shown in Fig. 1. 
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Figure 2 shows the DN used in this paper. It consists 

of four radial feeders. The entire DN consists of 33 FIs 

whose operating statuses were described earlier. This 

study uses "upstream" and "downstream" to describe the 

interaction between FIs. 

 

 

Fig. 2. IEEE 33 bus system with FIs 

 

In Fig. 2, FI-1 is closer to the substation than FI-2, 

hence it is upstream of FI-2. FI-2 is downstream of FI-1. 

When a fault occurs, FI-3 and FI-8 are downstream of 

FI-2, whereas FI-2 is upstream of them both. In a DN 

topology, each FI acts as a node, dividing the feeder into 

sections. To locate the FSL, first identify the nearest 

equipment number. For example, if the FSL result is FI-

11, it indicates that a fault exists between FI-11 and FI-

12. 

 

3 Method for faulted section location using ANN 

 

3.1 Proposed method for FSL 

The objective of the proposed approach is to identify 

the FSL within a specified DN. Figure 3 shows the 

workflow for identifying faulted sections in a DN using 

ANN. The method begins with obtaining information on 

FI status data. The key steps of this method are: 

• Step 1: Collecting FI status data. 

• Step 2: Determine relationships between FIs. 

• Step 3: If FI status information is lost, apply the 

feature extraction rule (Step 4). If all FIs have status 

information, skip this step and go to Step 5. 

• Step 4: If information on FIs is missing adjust the 

fixed FI status data with the feature extraction rule. 

• Step 5: Fed the ANN with input data. 

• Step 6: Predicted values for FSL. 

 

 

 

The status of the FI information and its inter-

relationship are initially assessed. If any FI information 

is absent, the FI status is assigned according to the 

previously outlined rule. The new information is then fed 

into the ANN, which processes it and returns a classi-

fication output and a response as to where the faulted 

section in the DN is. The output of the ANN represents 

a classification prediction based on the supervised 

training of the ANN, which is the answer to where the 

FSL is in DN. If the FI status information is such that it 

shows that the section between two nodes is at fault as 

explained in Section 2, the ANN output is 1, if it is not  

a fault it output is 0. 

 

 

Fig. 3. Flowchart of the proposed ANN FSL method 

 

3.2 Architecture of proposed ANN for FSL 

The ANN used in this paper for the FSL problem 

consists of an input layer, three hidden layers, and one 

output layer. The ANN structure has a supervised 

learning algorithm, and it is a feed-forward neural 

network (FFNN) [21]. Fig. 4. depicts the structure and 

type of ANN. Blue circles refer to neurons determined 

by ANN layers. 
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Fig. 4. Proposed ANN for FSL method type 

 and structure 

The ReLU activation function was used in the input 

layer and hidden layers in this ANN model. The sigmoid 

and SoftMax activation functions were also experi-

mented upon, but we found that ReLU showed better 

performance. In the output layer, the sigmoid activation 

function is used because it proved to be the best for 

classification. The training dataset provides the ANN 

with knowledge about the problem, which is then stored 

in synaptic weights between neurons during training. 

Exploratory experiments were conducted with varying 

numbers of hidden layers, hidden layer neurons, learning 

rates, and activation functions. For the FSL challenge, 

ANN training with the quasi-Newton approach  

(L-BFGS) outperformed the Scaled conjugate gradient 

(SCG) training algorithm. The input layer consists of 35 

neurons. The first and second hidden layers consist of 

128 neurons, while the last third hidden layer consists of 

64 neurons. These numbers of neurons in each layer 

proved to be optimal due to the high accuracy and short 

implementation time of the model. 

When working on one fault in the DN, the ANN 

model has 33 independent variables and two dependent 

variables. 33 independent variables are the FI statuses, 

while one dependent variable is the FI label. FI label is  

a variable for ANN, which means if the combination of 

FI status is accurate, then FI label represents the FI 

number where the fault occurred. For example, if a fault 

occurred on a section between FI-4 and FI-5, then the 

statues of FI-1, FI-2, FI-3, and FI-4 must be 1 and all 

others either 0 or -1, so the FI label will be 4, a number 

representing on which section of DN the fault occurred. 

The other dependent variable is FSL, which can be either 

1 or 0. FSL is a variable for ANN that means if the FI 

status combination and FI label are correct, then the FSL 

is a logical 1, which means that all FIs are well activated 

and FI label is correct that ANN knows on which section 

in the DN is fault, and if the FSL is logical 0, it means 

that the FI status combination is not accurate or FI label 

is not correct that the fault does not exist or is not in the 

section that FI combination or FI label suggests. When 

working on multiple faults in the DN, ANN has 33 

independent variables and four dependent ones. 33 inde-

pendent variables are the FI statuses, while two 

dependents are the FI labels for each fault that occurs in 

DN. The other two dependent variables are FSL, which 

can be either 1 or 0 for each fault that occurs. A logical 

1 means that the fault is at that location, while 0 is not. 

The proposed method is tested in four different 

scenarios. Each subsequent scenario is more complex 

than the previous one and requires a larger training data 

set for the ANN. In the first scenario, there is one fault 

in the DN, and there is no DG implemented in the DN. 

In the second scenario, there are two faults in the DN at 

the same moment, and there is no DG implemented in 

the DN. The third scenario is with DG implemented in 

DN. The last scenario is the most complex, as in this 

scenario there is a missing information status on the FI. 

A different number of training cases is used in each 

scenario. In the first scenario, the ANN was trained with 

280 cases of a single fault in the DN and tested with 51 

cases to determine the accuracy of the ANN model.  

In the second scenario, the ANN was trained with 480 

cases with two faults at the same time in the DN and 

tested with 51 distinct training cases to determine the 

model's accuracy. In the third scenario, the ANN was 

trained with 500 fault cases in the DN and then tested 

with 51 cases to determine the ANN model's accuracy. 

In the last scenario, the ANN was trained as in the third 

case, but it was tested with 55 cases with an additional 

feature extraction rule that decides the status of the FI.  

An extraction rule from the literature [16] was added, 

where the authors successfully filled in the missing 

information of FIs using this rule. The rule states that if 

the FI before and after the FI with missing information 

is "1," then the assumed value of unknown FI status is 

"1". This specific rule was selected due to its simplicity, 

as it can determine an FI's state by analyzing two nearby 

ones.  The limitation of this rule is not applicable if two 

adjacent FI statuses are lost. 

 

4 Results and analysis of different scenarios for FSL 

To analyse FSL in radial DN, four different scenarios 

are defined: 

• Scenario A: There is only one fault in the radial DN. 

DGs are not implemented in this scenario. 

• Scenario B: Two faults are occurring at the same time 

in the radial DN. DGs are not implemented in this 

scenario. 

• Scenario C: Two faults are occurring at the same time 

in the radial DN. DGs are implemented in this 

scenario. 

• Scenario D: Similar to scenario C, but with missing 

information on FIs. 
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Table 1 summarizes all the results of this paper. 

 

Table 1. Results and analysis of 

scenarios 

Scenario Accuracy 

A 92.1% 

B 90% 

C 94.1% 

D 94.1% 

 

4.1 Results and analysis for scenario A 

Assume a single fault exists on FI-20's downstream 

segment in the IEEE-33 node DN (Fig. 5.). When a fault 

current flows from the substation to the fault location, 

the forward-triggered FI equipment, shown with black 

squares on Fig. 5. (FI-1, 2, 7, 11, 12, 13, 14, 15, 16, 17, 

18, 19, 20), is activated. 

 

 

Fig. 5. An example of a single fault in the DN 

 

Extensive simulation experiments were conducted to 

evaluate and validate the suggested method. Figure 6 

depicts the confusion matrix obtained during testing for 

Scenario A. The blue squares represent the correct 

response per prediction class for the ANN models, 

whereas the red squares represent the incorrect replies. 

The accuracy may be estimated using the confusion 

matrix. Accuracy can be calculated from the confusion 

matrix by summing the blue squares and dividing by the 

total number of blue and red squares. In scenario A, the 

accuracy is 92.1%. 

 

 

Fig. 6. Confusion matrix for Scenario A 

4.2 Results and analysis for scenario B 

In this scenario, multiple faults exist at the same time 

in the IEEE-33 node DN (Fig. 7.). Assume that one fault 

exists on FI-23's downstream segment, and another fault 

exists on FI-9's downstream segment. When a fault 

current flows from the substation to the fault location, 

the forward-triggered FI equipment, shown with black 

squares in Fig. 7. (FI-1, 2, 7, 8, 9, 11, 12, 13, 22, 23), is 

activated. 

 

 

Fig. 7. An example of multiple faults in the DN 

 

Figure 8 depicts the confusion matrix obtained during 

testing for Scenario B. The blue squares represent the 

correct response per prediction class for the ANN model, 

whereas the red squares represent the incorrect replies. 

The accuracy may be estimated using the confusion 

matrix, and it is 90% for scenario B. 

 

 

Fig. 8. Confusion matrix for Scenario B 

 

4.3 Results and analysis for scenario C 

Figure 9 depicts a DN with two DGs to test the 

performance of the suggested method in terms of the DG 

condition. Assuming that one fault location is on the 

nearest downstream part of FI-3, another is on the 

nearest downstream section of FI-14. The fault current 

will flow from the substation to both the first and second 

fault locations. The forward-triggered FI between the 

substation and fault locations is shown with black 

squares in Fig. 9 (FI-1, 2, 3, 7, 11, 12, 13, 14) and defined 

as "1". In DN, two DGs send fault current to fault sites, 

resulting in reverse triggered FIs and shown with blue 
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squares in Fig. 9. (FI-6, 5, 4, 10, 9, 8). Reverse-triggered 

FIs have a state of "–1". 

 

Fig. 9. An example of multiple faults with DGs  

in the DN 

 

Figure 10 depicts the confusion matrix obtained 

during testing for Scenario C. The blue squares represent 

the correct response per prediction class for the ANN 

model, whereas the red squares represent the incorrect 

replies. The accuracy may be estimated using the 

confusion matrix, and it is 94.1% for scenario C. 

 

Fig. 10. Confusion matrix for Scenario C 

 

4.4 Results and analysis for scenario D 

The proposed method is tested for performance under 

information loss circumstances. A rule is added to 

account for the lack of FI status information. The rule 

states that if the FI before and after the FI with missing 

information is "1," the unknown status is also "1". If the 

information for FI-11 and FI-23 is lost, their status will 

be "1" as shown in Fig. 11. 

 

 

Fig. 11. An example of multiple faults with DGs  

and information lost in the DN 

Figure 12 depicts the confusion matrix obtained 

during testing for Scenario D. The blue squares represent 

the correct response per prediction class for the ANN 

model, whereas the red squares represent the incorrect 

replies. The accuracy may be estimated using the 

confusion matrix. For scenario D, it is 94.1%. 

 

Fig. 12. Confusion matrix for Scenario D 

 

4.5 Error analysis of method 

As can be seen in the previous subsections, the results 

are not perfect. This method has misclassi-fications. The 

reason that these misclassifications occur is because the 

huge amount of the training data and testing data of the 

ANN method, the greater the probability of noise such 

as overlapping faults. Potential limitations of this 

method, as well as any other method based on deep 

learning, are the huge amount of data for training and 

testing the model. 

 

5 Conclusion 

In this paper, ANN is used for FSL in the DN based 

on the operating status information of FI. The training 

data is carefully selected to accurately impart fault 

features to the ANN. To validate the proposed ANN 

method, it is applied to the IEEE 33-bus system. Because 

the approach may be used for inhomogeneous feeders 

with both overhead and underground cable portions, and 

because it does not rely on any physical or electrical 

features of the feeders, fault type, or ground impedance, 

it is not impacted by DN reconfigurations. With this, FL 

has made a major advancement in distribution systems 

that will improve the security and quality of energy 

supplies. The proposed method accurately locates and 

isolates both single and multiple faults, as proven by test 

scenarios. FIs are commonly used in power DN, making 

it easy to collect fault information. The method's usage 

of FI status information simplifies its application in DN. 

The simulated fault circumstances in Python demon-

strate that the proposed strategy is effective for locating 

complex faults in DN. Furthermore, the results of 

various scenarios, where each subsequent scenario is 

more complex than the previous one and requires  

a larger training data set, show that the ANN approach 
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for FL is approximately 90% accurate, depending on the 

complexity of the fault problem and the ANN's training. 

Another advantage of this method is that the ANN can 

recognize which part of the DN is at fault, and the ANN 

implementation is quick and accurate. This FSL method 

along with prominent advantages, also has weaknesses, 

such as dependence on accurate FI data, scalability to 

larger networks because of the huge training data for 

ANN. The use of this method in practice enables 

integration with the existing monitoring and control 

infrastructure by deploying this model in SCADA 

systems or utility control centres. Future research can 

extend the method for meshed networks or larger DNs, 

testing the method with real-world data or physical 

testbeds, and introducing electrical variables into the 

ANN model. 
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