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ŗص󏿿ʳƃا 

 Ȉʢŷ ʙŸǽ( Ȍʵƅراʨʢƅا)- ،ŶȄزʨʱƅا řʺʤƊأ Ɠž ŕًŷʨʽل شŕʢŷاع ا��ʨƊأ ʛʲƄأ ʧƈ ا��رض

 Ȇʷؔƅا ȘȄʛʡ ʧŷ راʨž ȈʢŸƅا řƅإزا ʖʳǽ ȈʡŕŸƅا ȑʚżʺƅا Ɠž ȈʢŸƅر اŕॽś řʺॽʀ عŕſśار ʖʰʶȃو

ʦŝ ƌʻŷ ارŕŬل إشŕرة اƜžت Ɯţʛƈ ʧƈت اřǽŕʺʴƅ اƅى ʨƁاŶʡ اʙƅورة او أřʺʤƊ إŕŷدة اƜŻƛق 

ʵʱŬا ʦʱي ȈʢŸƅر اŕॽś ȈʽƆƂʱƅو ،řॽœŕƂƆʱƅاا Ɠʲʴƅاو ا ƓƈوŕƂʺƅاو ا ʛشŕॼʺƅا ʠȄرōʱƅاع اʨƊام أʙ و

 Ɠž ىʱţ ʧʽؔƆƎʱʶʺƆƅ řƈʙʵƅا ʙȄوʜś ارʛʺʱŬا ʖŠʨʱʶś Ɠʱƅت اƛŕʴƅا ʠŸǼ Ɠž ʧؔƅ .ولʜŸʺƅا

ʦ، اŠŕʻʺƅا��رض Ȉʲƈ )اŕॽɿʷʱʶʺƅت، اȈƈŕŸʺƅ، اŕʸʺƅرف، اʙţ řƅŕţ- ،Ȇţŕʱʺƅوث Ȉʢŷ اʨʢƅر

řȄوʨʻƅت اƜŷŕſʺƅا ،řȄʛȞʶŸƅاو ا řॽƈʨȞʴƅت اŕʶŬʕʺƅا ȆƆƈ امʙʵʱŬŕǼ ʠȄرōʱƅا Ȉʹſǽ ،)

 ʧƈ řƆȄʨʡ ةʛʱſƅ ʧʽؔƆƎʱʶʺƆƅ řƈʙʵƅا ʙȄوʜś řॽƊŕȞƈوا ،ȈʢŸƅر اŕॽś الʜʱخŕǼ زŕʱʺǽ ȑʚƅن واʨŬʛʱʽŗ

( ȈʢŸƅوث اʙţ2~1)  ʧʽʽʻſƅا ʧȞʺś řƆȄʨʢƅة اʙʺƅه اʚƍو ،řŷŕŬ ʧƈ حƜŰȂو ȈʢŸƅا řƅإزا

ȑʚż اȈʡŕŸƅ اȑʚƅ اʖʳǽ ʥƅʚƅ ،řƈʙʵƅ اʧŷ Ȇʷؔƅ اŶʢƁ ʺƅاȑʚżʺƅ اȈʡŕŸƅ دون اřŠŕʴƅ اƅى 

 ا��رض وʜʽʽʺśه ʧŷ اŕǽʚżʺƅت اʙţ- .řʺॽƆʶƅث Ȉʢŷ ƌॽɾ اʨʢƅر

ʕُ̋ر�ʨŬʛʱʽŗ ȆƆʺǼ řŲن، -و𿿿ʙŸȄ اȈʢŷ ʧŷ Ȇʷؔƅ اʨʢƅر ƅا ŶȄزʨʱƅت اŕȞॼش Ɠž رضƛا

اʛƈاً ƅŕǼغ ا��řॽʺƍ وʖŸŰ اʛʢƅŕǼ Ȇʷؔƅق اřǽʙʽƆƂʱƅ واȈʽƆʴʱƅ اʙŸƅدʦś ʥƅʚƅ ،ȑ اʛʱƁاح اʙʵʱŬام 

řॽʻƂś ( řȞǼŕʷʱʺƅا řॽʰʸŸƅا řȞॼʷƅاConvolution Neural Network اتʜʽƈ اجʛʵʱŬƛ )

 řʳȄʨʺƅا ȈȄʨʴś امʙʵʱŬا ʦśو ،řʺॽƆʶƅت اŕǽʚżʺƅوا ȈʡŕŸƅا ȑʚżʺƆƅ ȑʛſʸƅا ŶǼŕʱʱƅرات اŕإش

(ʛʺʱʶʺƅاContinuous Wavelet Transform ʙŸॼƅرات ذات اŕشƙا ȈȄʨʴś ȈŠَأ ʧƈ ،)

ƅر اŕॽś ارʙƂƈ ʛʽżś رةŕإش ( ʙţاʨƅى اƅِإ )ʧƈʜƅا Ŷƈ ȑʛſʸƅا ʖƁŕŸʱScalogram   ʧيʙŸॼƅذات ا

ʧƈʜƅا(-Ȅʨ śɹدد(، وʛʱƅن اʨƆʺƅس اŕॽʁʺƅر ذات اʨŰ ىƅِإ ŕƎƆ (Red, Green, Blue)  ʦś ŕʺƄ



( řʺŷاʙƅت اŕƎʳʱʺƅا řƅوا řॽʰʸŸƅت اŕȞॼʷƅت اŕॽƈارزʨام خʙʵʱŬاSupport Vector 

Machine( Ɠſॽؔʱƅا ʜȄʜŸʱƅا řॽƈارزʨوخ )AdaBoost ) řƊرŕƂƈر وʨʸƅا ʅॽʻʸś ȈŠَأ ʧƈ

 şƈŕƊʛŗ ȘȄʛʡ ʧŷ نʨŬʛʱʽŗ ȆƆʺǼ řŲًرʕƈ ŶȄزʨś řƈʨʤʻƈ ةŕƄŕʴƈ ذجʨʺƊ Ȉʽʲʺś ʦś ،şœŕʱʻƅا

(MATLAB şƈŕƊʛŗ لŕʺŸʱŬا ʦś ،ȑʛſʸƅا ŶǼŕʱʱƅرات اŕॽś راتŕإش Ȉʽʳʶśء وŕʷƊا ȈŠَأ ʧƈ )

(Orange Big Mining(OBM)ŕॽƈارزʨخ řƊرŕƂƈر وʨʸƅا ȈʽƆʴś ȈŠَأ ʧƈ )ت  ،ʦƆŸʱƅا

 Ì̔ȃروʨʢƅا Ȉʢŷ ʧŷ Ȇʷؔƅا Ɠž řॽƅŕŷ ءةŕſؗ ʗʱʰŝا řţʛʱƂʺƅا řƂȄʛʢƅان ا şœŕʱʻƅا ʗʻ- رضƛا

.řſƆʱʵƈ لŕʢŷت اŕƍʨȄرŕʻʽŬ Ȉʣ Ɠž تŕǽʚżʺƅا Ɠž  Ì̔ŗا )řƆʡŕŸƅت اŕǽʚżʺƅا ʜʽʽʺś( رŕॼʱاخ ʧ ن

ŕॽƈارزʨخ řƁتد  ŕƎʱʺॽʀ ʗƊŕؗ Ɠſॽؔʱƅا ʜȄʜŸʱƅوا řʺŷاʙƅت اŕƎʳʱʺƅا řƅوا řॽʰʸŸƅا řȞॼʷƅا

(%100 Ì̔ȃو ،))řſƆʱʵƈ Ȉʢŷ تŕƈوŕƂƈ امʙʵʱŬŕǼ Ȇʷؔƅر)اŕॼʱاخ ʧ ŕॽƈارزʨخ řƁتان د  řȞॼʷƅا

( ŕƎʱʺॽʀ ʗƊŕؗ Ɠſॽؔʱƅا ʜȄʜŸʱƅوا řʺŷاʙƅت اŕƎʳʱʺƅا řƅوا řॽʰʸŸƅ100ا% Ì̔ȃو ،) řŠر)درŕॼʱاخ ʧ

( ŕƎʱʺॽʀ ʗƊŕؗ Ɠʱƅوا řƁʙƅا Ɠž řॽʰʸŸƅا řȞॼʷƅق اʨſś )نʨŬʛʱʽŗ ȆƆʺƅ řſƆʱʵƈ ʠȄʨŸś99.5% )

ƅا řॽƈارزʨخ řƁد ʗƊŕؗو( řʺŷاʙƅت اŕƎʳʱʺƅا ř99% Ɠſॽؔʱƅا ʜȄʜŸʱƅا řॽƈارزʨخ řƁد ʗƊŕ ( وؗ

(95% Ì̔ȃو ، )رŕॼʱاخ ʧ   řॽʰʸŸƅا řȞॼʷƅق اʨſś )řʺॽƆʶƅت اŕǽʚżʺƅا ʧŷ ȈʡŕŸƅا ȑʚżʺƅا ʜʽʽʺś(

( ŕƎʱʺॽʀ ʗƊŕؗ Ɠʱƅوا řƁʙƅا Ɠž70.9% řʺŷاʙƅت اŕƎʳʱʺƅا řƅا řॽƈارزʨخ řƁد ʗƊŕؗو ،)

(60.9% ʜȄʜŸʱƅا řॽƈارزʨخ řƁد ʗƊŕ (.%60.4اƓſॽؔʱƅ )(، وؗ
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ABSTRACT
Line (Phase)-to-ground fault is one of the most common types of 

faults in distribution systems. Due to the high fault current value in the 
faulty feeder, the fault must be promptly remove by detecting it and 
sending a trip signal from protection relays to circuit breakers or 
automatic reclosing systems. To reduce fault current, direct, resistive, 
inductive, or isolated grounding types are used. However, in some cases 
where service must continue to be provided to consumers even if  Line-
to-ground fault happened (such as hospitals, factories, banks, museums, 
mines, government or military institutions, and nuclear reactors), 
grounding using a Peterson coil is preferred due to its ability to reduce 
fault current and provide service for an extended period (1-2 hours) 
after the fault occurs. This extended time allows technicians to remove 
the fault and repair the faulty feeder without disconnecting the service. 
Therefore, it is important to detect and distinguish the faulty feeder 
where the Line-to-ground fault occurred from healthy feeders.

Detecting Line-to-ground fault in distribution networks with 
Peterson coils is of utmost importance and difficult to detect using 
traditional methods and numerical analysis. Therefore, the use of 
Convolution Neural Network technology proposed to extract features 
from zero-sequence signals of the faulty feeder and healthy feeders. 
Continuous Wavelet Transform used to convert one-dimensional 
signals (i.e., signal of zero-sequence current magnitude change over 
time) into two-dimensional Scalogram (time-frequency), which were 
then converted into colored images (Red, Green, and Blue). Neural 
network algorithms, Support Vector Machine, and AdaBoost used for 
image classification and comparison of results. A simulation model of 
a Peterson coil in distribution system represented using MATLAB to 
create and record zero-sequence current signals. The Orange Big 
Mining (OBM) program used for image analysis and comparison of 
learning algorithms. The results showed that the proposed method 
demonstrated high efficiency in detecting Line-to-ground fault in 
feeders under different fault scenarios. In test (distinguishing faulty 
feeders), the accuracy of neural network algorithms, Support Vector 
Machine, and AdaBoost was 100%. In test (detection using different 
fault resistances), the accuracy of these algorithms was also 100%. In 



 

test (different compensation degrees for Peterson coils), neural network 
accuracy outperformed with a value of 99.5%, while Support Vector 
Machine algorithm accuracy was 99% and AdaBoost algorithm 
accuracy was 95%. In test (Discrimination between faulty feeder and 
healthy feeders), neural network accuracy outperformed with a value of 
70.9%, while Support Vector Machine algorithm accuracy was 60.9% 
and AdaBoost algorithm accuracy was 60.4%.

 

 

 

 

 

 

 

 

 

 

 


