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 Distributed generation is playing a major role in the power system to meet the 

growing load demand. Integration of Distributed Generator (DG) to grid leads 

to various issues of   protection and control of power system structure. From 

the different fault issues that occur in a distributed generator integrated power 

system, classification of fault remains as one of the most vital issues even after 

years of in-depth research. Because researchers are attempting to detect and 

diagnose these faults as soon as possible in order to avoid financial losses, this 

work aims to investigate the sort of fault that happened in the hybrid system. 

This paper proposed artificial neural network-based approaches for fault 

disturbances in a microgrid made up of wind turbine generators, fuel cells and 

diesel generator. The voltage signal is retrieved at the point of common 

coupling (PCC). The extracted data are used for training and testing purposes. 

Artificial neural network technique is utilized for the classification of faults in 

the simulated model. Furthermore, performance indices (PIs) such as standard 

deviation and skewness are calculated for reduction of data size and better 

accuracy. Both the fault and parameters are varied to check the usefulness of 

the proposed method. Finally, the results are discussed and compared with 

different DG penetration. 
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1. INTRODUCTION 

In this era, the demand for electrical power is rising. Traditional power systems, which depend on 

massive fossil-fuel-fired power stations, long-distance transmission lines, and centralized control centres, are 

modernizing [1]. A huge number of distributed generation units are being integrated into the power system at 

distribution level. Distributed generation (DG) is one of the most significant changes in the electrical sector 

and power grid in the last decade. The term "Distributed Generation" (DG) refers to energy generation near 

to the point of consumption [2]. The distributed generation resources are renewable energy such as wind, PV 

cell, tidal, geothermal heat, Biomass etc. one of the benefits of using DG is its close proximity to consumer’s 

load. Distributed generation is critical for enhancing grid dependability, lowering transmission line losses, 

offering better voltage stability, and enhancing power quality [3]. 

Apart from the benefits, the increased use of DGs in distributed power systems raises a number of 

safety and operational issues. When a large capacity DG is introduced into a power system, it has a more 

significant effect on the network voltage, real and reactive power flow, short circuit current and other 

characteristics [4]. The integration of DG transforms the radially passive distribution network into an active 

network of medium and small power sources, altering the amount and duration of fault currents, and current 

flow no longer flows unilaterally from the substation bus into the load. Additionally, the failure behaviour of 

the DG has an impact on system operation and protection and the most serious safety issue is the problem of 

fault in the system [5]. Short-circuit situations in the power grid system create considerable economic losses 
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and impair power system efficiency. As a result, detecting and classifying the defect as soon as feasible is 

crucial in order to avoid inflicting harm [6]. 

 Even though non-stationary power signals include all of the information in terms of current and 

voltage, intelligent approaches for interpreting potentially valuable information are highly challenging. 

Furthermore, the fault classification approach employs a feature extraction technique to obtain decreased 

dimensions and information data [7]. The fault detector and classifier modules utilize this module to extract 

numerous aspects that characterize the signal. In the protective relays of transmission lines and distribution 

systems, fault category classification is essential. To provide output as a fault category, the fault classifier must 

be effective and reliable [8]. An attempt was made in this study to suggest a convenient technique for fault 

classification of transmission lines. 

Numerous signal processing algorithms, such as the Wavelet transform (WT), S-transform (ST) and 

Fourier transform (FT) are being used to evaluate the frequency characteristics of time domain data in order to 

identify associated properties [9]. When compared to the above approaches, high frequency transients are 

always associated with faults, and various studies have indicated that the wavelet transform is particularly 

successful in extracting vital information about current and voltage required for transmission line relaying. 

[10,11,12]. For extracting the individuality of fault signals., the WT has been a popular and effective approach. 

The WT is being utilized to calculate the maximum and minimum fault currents as well as the transmission 

line's different coefficients.  In the literature [13], the three-level maximum and minimum values detail 

coefficients are discussed. The energy and standard deviation of the fault current are used as the input data for 

classification of fault [14]. It is vital to deploy an Artificial Neural Network as part of a protection plan to 

identify and categorise faults based on transient voltage and/or fault current signals. Biological neural networks 

are mathematical representations of ANN. According to [15], a strategy of the new technique of islanding 

detection using artificial neural networks was developed by which the results were more accurate. The output 

using ANN is very fast, accurate and reliable depending on the training process because it works on the cluster 

of inputs [16, 17]. The ANN is trained so as to produce desired, accurate output or response providing a 

particular pattern of inputs [18]. Wind and solar energy minimize reliance on fossil-fuel-based electricity 

generation; they also benefit greenhouse gas emissions, global health, and environmental sustainability. In this 

study, a hybrid system comprising a DG wind turbine and a PV cell was deployed. [19-22]. 

The reason for using the wind farm is that it uses less energy and releases less carbon dioxide. But the 

wind flow is not constant therefore the power generation is also not constant.  The installation of a wind farm 

is very costly and it should be installed in a remote area. The reason for using the PV array is that if a wind 

farm fails to produce energy due to variation in the wind speed, to satisfy the load requirement, we can use 

solar energy as a backup. The maintenance cost of the PV array is less compared to the wind farm. It can be 

installed anywhere, even on the rooftop. During the operation of producing energy, the solar panel is silent 

whereas the wind turbines are noisy. But the solar irradiance is also variable so the production is also variable. 

The framework of this paper is presented as follows. Section 2 presented the feature extraction and 

selection process. ANN is elaborately described in section 3. The proposed hybrid model gives in section 4 and 

results and discussion illustrate in section 5. Finally, Section 6 ends with the conclusion 

 

 

2. FEATURE EXTRACTION AND SELECTION 

The suggested approach pre-processes the signal and extracts the most effective features. The proper 

classification of fault accuracy depends upon responsive and meaningful features. Features of the signals 

contain vital information of the examined fault [23]. To reduce the size of the signal, the feature extraction 

method is generally implemented at the decomposition level for each of these coefficients. Incorrect features 

degrade the system's reliability and it fails to classify the fault correctly [24]. So correct feature selection is 

very important. For each time series variable𝑇𝑖 = {𝑦1, 𝑦2… . 𝑦𝑛}, where 𝑖 varies from 𝑖 =1...10. In this work, 

the following five different features are extracted from the decomposed coefficient. 

 

a. Arithmetic mean (AM) 

The arithmetic mean μ is located within a time window of average values {𝑦1,𝑦2… . 𝑦𝑚}. It is 

calculated as:  

 

µ =
1

𝑚
∑ 𝑦𝑖
𝑚
𝑖=1          (1) 

b. Standard Deviation (SD) 

The standard deviation is computed as expressed below to measure the value of {𝑦1,𝑦2… . 𝑦𝑚}.  

 

𝜎 = √
1

𝑚
∑ (𝑦𝑖 − µ)2𝑚
𝑖=1         (2) 
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This feature is very much needed to differentiate between the high frequency and low frequency signal 

standard deviation. 

 

c. Kurtosis 

Kurtosis is calculated to measure the spikiness of the probability distribution of the data as follows. 

 

𝐾𝑢 =
µ4

𝜎4
          (3) 

 

Whereμ4 is the 4th moment about the mean and can be represented as: 

 

µ4 =
1

𝑚
∑ (𝑦𝑖 − µ)4𝑚
𝑖=1         (4) 

 

d. Skewness 

The asymmetry is measured by skewness of measurement data. It is calculated as: 

 

𝑆𝑘 =
µ3

𝜎3
         (5) 

 

Whereμ3 is the 3rd moment about the mean, and is given by: 

 

µ3 =
1

𝑚
∑ (𝑦𝑖 − µ)3𝑚
𝑖=1         (6) 

 

e. Entropy 

Entropy is measure of random variables related impurities. The discrete variable set Y can be 

expressed with possible values {𝑦1,𝑦2… . 𝑦𝑚} and the probability density function P (Y) in terms of entropy H 

is given as follows: 

 

H(Y) =−∑ 𝑃(𝑦𝑖
𝑚
𝑖=1 )𝑙𝑜𝑔2𝑃(𝑦𝑖)      (7) 

 

These five different features are extracted from the output of transformation. The extracted features 

are fed to different classifiers ANN. The primary goal of feature extraction is to extract useful data from raw 

data that can be employed in the training and testing process to accurately classify different faults. 

 

 

3.  ARTIFICIAL NEURAL NETWORK (ANN) 

Machine learning (ML) techniques are widely used for fault classification in DG interconnected power 

systems because of its ability to process large sets of data [25]. In addition to this, machine learning techniques 

also remove the threshold calculations. The ML technique such as the Artificial Neural Network (ANN) which 

is employed for fault classification problems must be effective and simple [26]. The reason for using ANN is 

its learning capability and the nature of new problems. In this work the used ANN is having three layers i.e., 

input layer, hidden layer and output layer respectively. For getting the acceptable root mean square error value 

during the training process, determination of number of hidden neurons is required [27,28]. The architecture 

of a feed forward Artificial Neural Network Classifier is depicted in Figure 1. 

The ANN is a widely used method in engineering and research for a variety of issues [29]. A 

computational model based on the design and functionalities of biological neural networks is known as an 

artificial neural network (ANN). An ANN's structure changes depending on the input and output. The complex 

correlation defined between input and output is simulated using ANN which is a nonlinear statistical data. [29]. 

ANN is a type of artificial neural network that is made up of a number of layers and nodes. An input layer, 

hidden (computational) layers, and an output layer are the three layers that make up a neural network. Through 

hidden layers, the input data is transmitted to the output layer. The error signals are then transmitted across the 

hidden and input layers through connections that connect the nodes in subsequent levels [30]. An activation 

function connects the output of any node in the hidden and output layers to the input node. The weight update 

and reduction processes are done using a learning method [31]. Supervised approaches are employed to train 

an ANN with the help of an instructor. This indicates that there is a training set (dataset) with instances of true 

values: tags, classes, and indicators. Unallocated sets are also utilised to train neural networks, and 

unsupervised techniques for doing so have been devised. Training is the process of choosing coefficients for 

each neuron in the layers so that we may receive the required set of output signals from a given set of input 
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signals. Here a1 ,a2..an are the input parameters,β is the hidden layers of the architecture of artificial neural 

network classifier. 

 

 
Figure 1. Architecture of Artificial Neural Network Classifier 

 

 

There are 11 different types of faults that may occur in the DG connected power system and the neural 

network is capable of classifying all the faults correctly [34-35]. The 11 different faults are unsymmetrical 

faults (R-G, Y-G, B-G, R-Y-G, Y-B-G, B-R-G, R-Y, Y-B, B-R, and R-Y-B-G) and symmetrical faults (R-Y-

B). Back propagation algorithm is employed for the neural network architecture. In general, the number of 

hidden layers to be used is decided by heuristics. There is no formula for determining how many hidden layers 

are required. In many circumstances, one hidden layer is sufficient, but we must use a heuristic method such 

as cross validation to justify this for a specific problem. It achieves an excellent fit if the number of hidden 

layers is more, but at the same time it may also be over fitting. This suggests that the training set of ANN fits 

well but the performance is bad for testing data sets. This means that comparable inputs produce diverse 

outputs. The error was found by starting from the last step at each point and iteration and sending the error 

backwards [32,33]. The optimal weight value (𝑤𝑖𝑗) of the node is computed using the algorithm. In this 

algorithm the expected output is deducted from the known output value for determining the error value. After 

getting the error values weights are rearranged. This process is continued on all the neurons till the error value 

among calculated value and target value is less than tolerable limit. 

 

 

4. PROPOSED MODEL 

The proposed solar, wind and diesel generator integration scheme is modelled and simulated in the 

MATLAB/Simulink environment. The system under investigation is depicted in Figure 2, that comprises two 

distributed generators (DGs) with different power outputs that are synchronized with the grid. The two DG 

sources connected in this proposed model are wind turbines and solar panels. MATLAB is the software tool 

that was employed to develop and analyse the model. The model consists of one source of 30KV,50Hz to 

which a star connected step-up transformer and two steps down transformer are connected through 100km long 

transmission line where the circuit breaker is also installed after the step-up transformer which will trip during 

the fault in the given range of switching time. At the PCC, PV array and wind farms are connected. As the 

wind turbine source and PV source completely depends upon the climatic condition, the proposed model 

incorporates a diesel engine generator to enhance the hybrid system's efficiency. 

The system model, illustrated in figure 3, shows the proposed (PV-wind-diesel engine) connected 

hybrid power system. The generation of diesel engine generators does not depend upon climatic conditions. 

The ratings of proposed model are line length of 100km, voltage of 25kv and frequency of 50 Hz at the sending 

end of the transmission line.  
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Figure 2. Single line diagram of the proposed DG(PV-wind) connected hybrid power system 

 

 

 
Figure 3. Single line diagram of the proposed DG (PV-wind-diesel engine) connected hybrid power system 

 

5. SIMULATION RESULT AND ANALYSIS 

A fine dataset of fault features is the foundation of the majority of classification approaches. The list 

of relevant features should be compact and minimal in computing complexity. In most real-world applications, 

relevant characteristics are suppressed due to redundancy and noise, so it's important to extract this information 

in a cost-effective manner without losing the vital data. 

Figure 4, 5 and 6 explain the standard deviation, mean and skewness for symmetrical and 

unsymmetrical faults. It is clearly visible from the extracted features that the LLL fault is the most severe fault 

followed by LL fault and LG fault. The severity of fault also depends upon the location of data extraction. LLL 

fault occurs rarely in a power system network but when it occurs the fault currents are balanced in nature but 

the magnitude of the fault current is more in comparison to unsymmetrical fault. 

 

 
Figure 4. Standard deviation value for symmetrical and unsymmetrical fault 

 

 
Figure 5. Mean value for symmetrical and unsymmetrical fault 
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Figure 6. Skewness for symmetrical and unsymmetrical fault 

 

 

Model performance is heavily influenced by the data features used to train the ANN classifiers. Model 

performance can be harmed by features that are unrelated or just partially relevant. The best feature selection 

might assist you improve your learning accuracy. If the suitable feature is chosen, it reduces training time and 

computational complexity. 

 

5.1. Case.1: Wind- PV Cell Distributed Generators Connected to Grid 

The Wind-PV cell distributed generator connected to the grid model is studied in this section to 

confirm the efficacy of the proposed technique for fault classification. The performance is assessed using the 

mean square error and gradient. The suggested technique's practicality is demonstrated using fault data, 

demonstrating its suitability for real-time applications. Data sets are formed with different faults and then 

collecting the data for training and testing purposes. The plots indicate that the system is working properly. 

The training signal is employed to train the fault classifying signal, that is taken at fault distances of 20 

kilometres, 30 kilometres, 40 kilometres, and 50 kilometres for various fault types (i.e.single phase to ground, 

phase to phase, double phase to ground or three-phase fault) Figure 7 depicts the gradient function, as well as 

the training and validation functions employing ANN. 

 

 
Figure 7. Graph of gradient and Val fail with respect to Epochs (ANN) 

For different fault resistances similar to the above, simulations have been performed for all different 

types of faults (LG, LLG, LL and LLL). Data sets having 16,000 data in total out of which 8,000 data are used 
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as training data and 8,000 data as testing data for ANN classification for this system model. Figure 8 depicts 

the ANN classifier's total mean square error. The correct percentage of fault classification in the system is 

99.43 % in this procedure. The proposed neural network classifier is capable of classifying different faults 

effectively. 

 

 
Figure 8. Error value at different epochs (ANN) 

 

5.2. Case.2: Wind-PV-Diesel engine Distributed generators Connected to Grid 

  One more DG (Diesel Generator) is connected in this subsection to test the adequacy of the suggested 

model and to improve the system's reliability. The proposed model was simulated and the simulation results of 

accurate classification of faults using artificial neural networks were discussed here. The simulation is carried 

out for both symmetrical and asymmetrical faults at different fault resistance i.e. at 0.001, 0.01, 0.1,1,10,100 

ohm. The raw data are taken out from the PCC and used to extract the closely associated features that 

characterized the signal and severity of the fault. The extracted datas are fed as the input to the classifier. This 

process is done for reducing the computational burden as well as to analyze the characteristics of the data signal 

in a simplified way.  

The data set is collected by extracting the voltage signal of the 3 phase system out of which 668 data 

were trained and 668 were tested for this system model. Figure 9, demonstrates the graph of gradient and valfail 

with respect to epochs. Figure 10, explains the error value at different epochs using ANN. The size of data can 

enhance the accuracy of fault classification, while at the same time, it increases the time and complexity of the 

system. The accurate percentage of fault categorization in the system is 98.94 % in this procedure. 

 

 
Figure 9. Graph of Gradient and Val-fail w.r.t Epochs 
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Figure 10. Error value at different epochs (ANN) 

 

 

The proposed method's fault classification accuracy is compared to that of [34]. The test results are 

listed in the table below. The comparative table-1 shows that in the same operating state, the proposed method 

has a higher correct percentage of classification. 

 

Table-1. Comparative result of the proposed method with [34] 

 

 

Correct percentage of 

classification 

Wavelet Neural 

Network(WNN)[34] 

Artificial Neural 

Network(ANN)[34] 

Proposed Method Using ANN 

(Case-1) 

96.5% 92.06% 99.43% 

 

 

6. CONCLUSION 

Artificial neural networks are used to classify faults in DG-connected power systems in this work. 

Because researchers are attempting to detect and diagnose these faults as soon as possible in order to avoid 

financial losses, this work aims to investigate the sort of fault that happened in the hybrid system. The three-

phase voltages and phase currents are extracted from the PCC. The outcomes of the comparison simulations 

are shown, as well as feature extractions such as standard deviation, mean and skewness. From the features the 

severity of fault is checked and then the extracted data are used as the inputs to the neural network classifier. 

Half of the fault data in the whole data set is utilized as training data, while the other half is used for testing. In 

Wind-PV Hybrid combination, the correct percentage of fault classification in the microgrid is 99.43% where 

as in Wind-PV-Diesel hybrid combination the correct percentage of classification accuracy is 98.94% using 

the proposed method. The simulation results were found to prove that adequate performance has been achieved 

by the proposed method. 

 

 

REFERENCES 

[1] Ram Ola, S., Saraswat, A., Goyal, S. K., Sharma, V., Khan, B., Mahela, O. P.,. & Siano, P. (2020). Alienation 

coefficient and wigner distribution function based protection scheme for hybrid power system network with 

renewable energy penetration. Energies, 13(5), 1120. 

[2] Moloi, K., Hamam, Y., & Jordaan, J. A. (2019, November). Fault Detection in Power System Integrated Network 

with Distribution Generators Using Machine Learning Algorithms. In 2019 6th International Conference on Soft 

Computing & Machine Intelligence (ISCMI) (pp. 18-22). IEEE 

[3] Thomas, M. S., & Terang, P. P. (2012, December). Interconnection issues for distributed resources in a smart 

distribution system. In 2012 IEEE 5th India International Conference on Power Electronics (IICPE) (pp. 1-6). IEEE. 

[4] Ray, P. K., Mohanty, S. R., & Kishor, N. (2011). Disturbance detection in grid-connected distributed generation 

system using wavelet and Stransform. Electric Power Systems Research, 81(3), 805-819.  



                ISSN: 2089-3272 

IJEEI, Vol. 10, No. 2, June 2022:  498 – 507 

506 

[5] Elshrief, Y. A., Helmi, D. H., Asham, A. D., & Abozalam, B. A. (2019). Merits and demerits of the distributed 

generations connected to the utility grid. Menoufia Journal of Electronic Engineering Research, 28 (ICEEM2019- 

Special Issue), 259-262. 

[6] Bhuyan, A., Panigrahi, B. K., & Pati, S. (2021, January). Fault Classification for DG integrated Hybrid Power System 

using Wavelet Neural Network Approach. In 2021 1st Odisha International Conference on Electrical Power 

Engineering, Communication and Computing Technology (ODICON) (pp. 1-5). IEEE. 

[7] Singh, R., Pattanaik, S. R., Bhuyan, A., Panigrahi, B. K., Shukla, J., & Shukla, S. P. (2019, December). Classification 

of Faults in a Distributed Generator Connected Power System Using Artificial Neural Network. In 2019 Third 

International conference on I-SMAC (IoT in Social, Mobile, Analytics and Cloud) (I-SMAC) (pp. 305-309). IEEE. 

[8] Pattanayak, R., Behera, S., & Parija, B. (2019, March). Classification of Faults in a Hybrid Power System using 

Artificial Neural Network. In 2019 IEEE 5th International Conference for Convergence in Technology (I2CT) (pp. 

1-4). IEEE. 

[9] Ray, P. K., Kishor, N., & Mohanty, S. R. (2012). Islanding and power quality disturbance detection in grid-connected 

hybrid power system using wavelet and $ S $-transform. IEEE Transactions on Smart Grid, 3(3), 1082-1094.  

[10] Silva, K. M., Souza, B. A., & Brito, N. S. (2006). Fault detection and classification in transmission lines based on 

wavelet transform and ANN. IEEE Transactions on Power Delivery, 21(4), 2058-2063. 

[11]  Hsieh, C. T., Lin, J. M., & Huang, S. J. (2008). Enhancement of islanding-detection of distributed generation systems 

via wavelet transform-based approaches. International Journal of Electrical Power & Energy Systems, 30(10), 575-

580. 

[12]  Kaushik, Rajkumar, Om Prakash Mahela, Pramod Kumar Bhatt, Baseem Khan, Akhil Ranjan Garg, Hassan Haes 

Alhelou, and Pierluigi Siano. "Recognition of islanding and operational events in power system with renewable 

energy penetration using a stockwell transform-based method." IEEE Systems Journal (2020). 

[13] Adamu, S. S., & Iliya, S. (2011). Fault location and distance estimation on power transmission lines using discrete 

wavelet transform. International Journal of Advances in Engineering & Technology, 1(5), 69.  

[14] Dehghani, M., Khooban, M. H., & Niknam, T. (2016). Fast fault detection and classification based on a combination 

of wavelet singular entropy theory and fuzzy logic in distribution lines in the presence of distributed 

generations. International Journal of Electrical Power & Energy Systems, 78, 455-462.  

[15] Kumar, D., & Bhowmik, P. S. (2018). Artificial neural network and phasor data-based islanding detection in smart 

grid. IET Generation, Transmission & Distribution, 12(21), 5843-5850.  

[16] Jamil, M., Sharma, S. K., & Singh, R. (2015). Fault detection and classification in electrical power transmission 

system using artificial neural network. SpringerPlus, 4(1), 1-13.  

[17] Kumar, S. K., Swamy, M., & Venkatesh, V. (2014). Artificial neural network based method for location and 

classification of faults on a transmission lines. International Journal of Scientific and Research Publications, 4(6), 

1-6.  

[18] Tayeb, E. B. M. (2013). Faults detection in power systems using artificial neural network. American Journal of 

Engineering Research, 2(6), 69-75. 

[19] Satpathy, P. R., Thanikanti, S. B., Mahmoud, A. H., Sharma, R., & Nastasi, B. (2021). A TCT-SC Hybridized Voltage 

Equalizer for Partial Shading Mitigation in PV Arrays. IEEE Transactions on Sustainable Energy. 

[20] Satpathy, P. R., & Sharma, R. (2020). Parametric indicators for partial shading and fault prediction in photovoltaic 

arrays with various interconnection topologies. Energy Conversion and Management, 219, 113018. 

[21] Behera, S., & Pati, B. B. (2019). Grid-Connected Distributed Wind-Photovoltaic Energy Management: A 

Review. Wind Solar Hybrid Renewable Energy System. 

[22] Panigrahi, B. K., Bhuyan, A., Satapathy, A. K., Pattanayak, R., & Parija, B. (2019, January). Fault Analysis of Grid 

Connected Wind/PV Distributed Generation System. In International Conference on Intelligent Computing and 

Communication Technologies (pp. 47-54). Springer, Singapore. 

[23] Mishra, D. P., Samantaray, S. R., & Joos, G. (2015). A combined wavelet and data-mining based intelligent protection 

scheme for microgrid. IEEE Transactions on Smart Grid, 7(5), 2295-2304.  

[24] Chen, D., Wan, S., & Bao, F. S. (2016). Epileptic focus localization using discrete wavelet transform based on 

interictal intracranial EEG. IEEE Transactions on Neural Systems and Rehabilitation Engineering, 25(5), 413-425. 

[25] Panigrahi, B. K., Bhuyan, A., Shukla, J., Ray, P. K., & Pati, S. (2021). A comprehensive review on intelligent 

islanding detection techniques for renewable energy integrated power system. International Journal of Energy 

Research.45(10), 14085-14116. 

[26] Li, W., Monti, A., & Ponci, F. (2014). Fault detection and classification in medium voltage DC shipboard power 

systems with wavelets and artificial neural networks. IEEE Transactions on Instrumentation and 

Measurement, 63(11), 2651-2665. 

[27] Thukaram, D., Khincha, H. P., & Vijaynarasimha, H. P. (2005). Artificial neural network and support vector machine 

approach for locating faults in radial distribution systems. IEEE transactions on power delivery, 20(2), 710-721. 

[28] Sidhu, T. S., Singh, H., & Sachdev, M. S. (1995). Design, implementation and testing of an artificial neural network 

based fault direction discriminator for protecting transmission lines. IEEE Transactions on Power Delivery, 10(2), 

697-706. 



IJEEI ISSN: 2089-3272  

 

Fault Classification in a DG Connected Power System …. (Anshuman Bhuyan et al) 

507 

[29] K. Chen, C. Huang, and J. He, “Fault detection, classification and location for transmission lines and distribution 

systems: a review on the methods,” High Volt., vol. 1, no. 1, pp. 25–33, 2016. 

[30] Menezes TS, Coury DV, Fetnandes RA. Islanding detection based on artificial neural network and S-transform for 

distrib uted generators. 2019 IEEE Milan Power Tech; 2019, June; IEEE. pp. 1-6. 

[31] J. Holkar and P. V. Fulmali, “Fault Analysis on Transmission Lines using Artificial Neural Network,” Int. J. Eng. 

Sci. Res. Technol., vol. 5, no. 2, pp. 863– 871, 2016. 

[32] Monemi, Sean, Balsam Boudiab, and Ulysses Perez-Ramirez. "Automation of Power Distribution System for a Model 

of Smart Grid." In 2021 IEEE Conference on Technologies for Sustainability (SusTech), pp. 1-6. IEEE, 2021. 

[33] Pandey, A., Gadekar, P. S., & Khadse, C. B. (2021, February). Artificial neural network based fault detection system 

for 11 kv transmission line. In 2021 International Conference on Advances in Electrical, Computing, Communication 

and Sustainable Technologies (ICAECT) (pp. 1-4). IEEE. 

[34] Panigrahi, Basanta K., Prakash K. Ray, Pravat K. Rout, Asit Mohanty, and Kumaresh Pal. "Detection and 

classification of faults in a microgrid using wavelet neural network." Journal of Information and Optimization 

Sciences 39, no. 1 (2018): 327-335. 

[35] Ray, Prakash K., Basanta K. Panigrahi, Pravat K. Rout, Asit Mohanty, Foo YS Eddy, and Hoay Beng Gooi. 

"Detection of islanding and fault disturbances in microgrid using wavelet packet transform." IETE Journal of 

Research 65, no. 6 (2019): 796-809. 

 


