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Abstract: The recent developments in the technology made by organizations have led to a quicker, simpler and
a very accurate data analysis. The use of machine learning techniques have been exponentially increasing in the
analysis of data in different fields ranging from medicine to defense, education, finance and energy applications.
The machine learning techniques reduce further meaningful information processed by data mining. These
significant and meaningful information help organizations to establish their future policies to get more
advantages in terms of time and cost. In this paper the author has tried to present the best classification method
by having a comparative analysis on various methods such as Logistic Regression, Support Vector Machine,
Naive Bayes and K-Nearest Neighbors etc. for a particular use case i.e. prediction and classification of
transmission line faults. The author has made this analysis by utilizing both Python and MATLAB Simulink.
This will surely help the researchers to know details such as accuracy,fl score, mean square error etc of various
classification methods.

Keywords: Three Phase Fault, Logistic Regression, Support Vector Machine, Naive Bayes, K-Nearest
Neighbors and Line To Ground Fault.

Introduction

Machine learning is a significant part of artificial intelligence with respect to current advancement in
technology. It helps computers in predicting the future events and modeling based on provided data. Recently, the
artificial intelligence frameworks are applied for the implementation of the fault location and fault type prediction
algorithm to obtain the complex relationship between fault prediction®” and feature extraction from faulty signals.
The selection of proper machine learning tool for the classification and prediction of type of fault plays an
important role. The accuracy and mean square error are to be noted individually for every classification tools. In
this article, the author has taken a three phase long transmission line with pi network model and created variety of
faults in that system. The features of both healthy and faulty system are extracted from MATLAB workspace.
These extracted features are used as use case for the comparison of classification tools of machine learning?®.

With the innovation in technology the demand of electrical energy also increases rapidly. Hence
transmission line faults are to be processed properly. Or else this may lead to poor reliability, power quality
disturbances, large scale power outage etc. As per the statistics present in Table 1, the transmission line is
mostly affected by single phase to ground fault i.e. 70%.0ut of these, again 70-90% of the faults are arcing
faults which can be predicted and protected by proper and suitable algorithms.

Table I. Relative probability of occurrence of fault in percentage
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Type of | L-G L-L L-L-G | L-L-L Total
Fault L-L-L-G

L-L, L-G
% of | 70 15 10 5 100
occurrence

As seen most of the HV faults occurred at transmission line are single phase to ground fault .The three phase
faults happen very rarely. Hence the author has taken single phase to ground fault as the faulty condition only.

The 2™ part of the article describes about the proposed three phase transmission line system. The 3™ part
narrates about the Logistic Regression. The 4™ part explains about the Support Vector Machine. The 5" part
describes about the Naive Bayes classification. The 6™ part explains the K-Nearest Neighbors algorithm. The 71"
part presents MATLAB Simulation results and compares the various classification methods. The last part
concludes the article.

Three phase transmission line system

As shown in fig.1,the author has simulated a high voltage three phase transmission line system over a
length of 300km.Long transmission line with a voltage magnitude of 400kv(Ph-Ph rms) is taken only to have a
lossless line. The fault is introduced intentionally at the mid of the transmission line. The voltage and current
magnitudes before and after the fault are extracted from MATLAB simulation workspace. The author has taken
single line to ground fault as the faulty condition. The phase a to ground fault is introduced at the mid length of
the line. Hence the line voltages Vap and Ve are mostly affected by the fault. The individual line currents and
line voltages are taken as the features. Total number of independent features used are six and the
status(LG_fault/No_fault) of the transmission line is taken as dependent variable. In total the author has used
these extracted features in 4 different machine learning such as Logistic Regression, Support vector machine,
Naive Bayes and K-Nearest Neighbor algorithms separately to know the most efficient and suitable prediction
algorithm for the transmission line.

=

Figure 1. MATLAB simulation of three phase transmission line.

Logistic regression
It is very efficient and does not require any computational techniques. It is very easily interpretable and does
not require any input features to be scaled. It is also quite easy to regularize. It does not require any tuning, it also
outputs well calibrated predicted probabilities. Like linear regression, it works quite better when we remove
attributes which are unrelated to the output variable and also attributes which are very similar to each other.
Feature engineering plays an important role in regards to the performance of logistic regression. Its decision
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surface is linear, hence it can’t solve any non-linear problems. Apart from machine learning, it is much used in
statistics, medical fields, social sciences etc. It is also called a statistic model. It is used to predict the probability
of a certain class or event such as good/bad, yes/no, win/lose, pass/fail, alive/dead etc. The outcome must be
discrete i.e. 0 or 1 and nothing in between. In machine learning, it is a supervised learning and output is always
categorical type. Main aim of this method is to build a logistic relationship between independent and dependent

variables. It is a sigmoid function and mathematically it can be derived from linear regression equation i.e. Y=o+

BiX+e.

As the dependent variable in our use case is also binary, this method is suitable for our use case. The length of
the dataset is 965.Total 80% of the dataset i.e. 772 data is used for training and 20% i.e. 193 data is used for

testing purpose.

df.head()

time currentR currentY currentB voltageRY voltageYB

voltageBR status

0 0.00000 -2.690268 -9.845947 12536215 0438299 -1.642281
1 0.00003 -2568361 -9.928361 12496723 0453767 -1.646374
0.00006 -8.852052 -10.009838 12.456175 0.662349 -1.650321
0.00009 3.605329 -10.090473 12.414474 0.662159 -1.654122

LN

0.00012 -9.228260 -10.170204 12371678 0.655451 -1.657775

Figure 2. Dataset representation through python program.

df.tail

time currentR currentY currentB voltageRY voltageYB

1.203982
1.192607
0.987972
0.991963
1.002325

1
1
1

voltageBR status

960 0.01608 -13.080941 5.012832 8.068110 -1.403733 -0.129718
961 0.01611 -13.063736 4.897531 8.166205 -1.394621 -0.145694
962 0.01614 -13.045371 4.781795 8.263576 -1.385385 -0.161658
963 0.01617 -13.025847 4.665634 8.360212 -1.376026 -0.177607
964 0.01620 -13.005165 4.549059 8.456106 -1.366545 -0.193540

Figure 3. Last 5 rows of dataset in python program.

1.533451
1.540315
1.547042
1.5653632
1.560085

0
0
0

The status is represented in binary form i.e. 1&0. LG_fault is represented by 1 and No_fault is represented

by 0.As shown in figs 2-3, the python program shows both type of status.
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int{clagaification reporti{y_ test,predictionsa))

int{accuracy sccorely test,predicticns))

L]
MoK

precision recall fl-score sSupport

a a.93 1.00 LA - 113

1 1.00 o.38%5 0.54 80

accuracy 0.4585 153
macro awvg 0.5 O.54 0.585 153
weighted awg 0_5e aO.55 0.4585 153

0.9533e72375e47cc23

¥_pred=mocdel .predicti{x test)

¥ _test_head()

=1=)- L

453 a

ls8 1

405 1

70 1

Hame Status, dtype: inted
¥ predl[5]

from sklearn.metrics import mean squared error

mean squared errcriy test,y pred)

O.042e32124352331e05

Figure 4. Accuracy report and mean squared error report in python program.

The classification report shown in fig.4 is found to have a very good precision, f1_score and accuracy_score.
The mean squared error is only 4.67%.This implies that the prediction made by logistic regression can have an
error of 4.67%.However this is acceptable.

y_pred[50]

1

Figure 5. Fault prediction result of two random data in python program.
Fig.5 shows that most of our status predictions by using logistic regression come true.

Support vector machines

It is one of the most robust prediction algorithms. It is a supervised machine learning algorithm®. It constructs
a hyper plane or a set of hyper planes in a high or infinite dimensional space that can be used for classification,
regression etc. SVMs are useful in classification of images, texts and hypertext categorization, classification of
satellite data like SAR data using supervised support vector machines. These are widely used in biological and
other sciences. Apart from linear problems, the SVMs are also helpful for non-linear problems using kernel
functions?. The author has used the python program to process the use case towards transmission line fault
prediction. The total number of independent features, dependent variables and the length of data remain same as
before.80% of the total data for training and 20% for testing purposes are used. The suitable programming results
a better classification report in SVM. There are varieties of kernel functions. But here the author has used linear
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kernel function for this use case. As shown in fig.6, the classification report is better than that of the previous
algorithm. The accuracy score is 97.4% and mean squared error is only 2.6%.

nodel=3VCi{kernel="lineaxr')
model.fiv(x_train,y train)

SUC(C=1.0, cache_size=200, clas=s_weight=None, coef(=0.0,
decizion_function_shape='ovr', degree=3, gamma='auto_deprecated',
kernel='linear', max_iver=-1, probabilicy=False, random state=None,
shrinking=True, tol=0.001, verbosze=False)

om sklearn.metrics
cm sklearn.metrics import clas=sification_report
vom sklearn.metrics import accuracy score

import precision_score

pred=model.predict(x_test)
print("accuracy:”,metrics.accuracy_scorely_vest, y pred-pred))

accuracy: 0.8378238341568012

(classificavion_reportiy test,pred])
{accuracy_score(y_test,pred))

precision recall fl-score =upport

0 0.9¢6 co £.SE 117

1 .o 0.23 0.57 76

accuracy 0.97 103
macro avg 0.c8 0.87 0.87 183
weighted avg 0.%8 0.57 0.97 183

"

™
o
i
"

klearn.metrics import mean squared erro

mean_squared erroriy_test,y pred)

0.025506735751255335

Figure 6. SVM initialization, classification report and mean square error in python.

Naive bayes algorithm
It is based on Bayes theorem that is used to solve classification problems by following a probabilistic
approach®“. It is based on the idea that the predictor variables in a machine learning model are independent of
each other®.

P(AIB) = P(BIA)P(A)/P(B) @)

P(A|B) : Conditional probability of event A occurring, given event B.
P(BJA) : Conditional probability of event B occurring, given event A.
P(A) : Probability of event A occurring.
P(B) : Probability of event B occurring.

The author has implemented this algorithm for the same use case with same number of dependent and
independent features and predicted the test result in fig.7(a).
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x_train,x_test,y train,y test=train test_splitix,y,test_size=0.Z, 6 random state=4Z)

from sklearn.naive bayes import GaussianNB
from sklearn.metrics import classification report
from sklearn.metrics import accuracy score

model=GaussianNB()

model=CGaussianNB /()

model.fit({x_train,y_ train)
GaussianNB(pricrs=None, var_smcothing=le-03)
predictions=model.predict (x_test)

print({predictions)
print(y_test)

[00110100010112001011000000011000001000
0000100010100010010001000000100101011
0010100000001000100010101001011011000
01000001100000000000001001000111011021
0101001000010010101011100001010000001
0010100 0]

883 0

483 4]

1le8 1

405 1

70 T

358 0

215 1

554 o]

33 1

31 1

Name: status, Length: 133, dtype: inté&4

Figure 7(a). Gaussian function initialization, prediction result of test data.

1 print{classification_report(y_ test,predicticns))
¢ print{accuracy sceorely test,predicticns))

precisicn recall <Zfl-score support
4] 0.8¢€ 1.00 0.92 113
1 1.00 0.7¢ 0.87 30
accuracy 0.90 183
macre avg 0.83 0.88 0.89 153
weighted avg 0.82 0.80 0.80 183

0.5015544041450777
y_pred=model.predict (x_test)

. y test._head|{)
88s 0
4g8 0
le8 1
405 1
70 1

st

Name: atus, dtype: inté4

L y pred[5]

from sklearn.metrics import mean squared errxor

mean_squared error(y_ test,y pred)

0.05844555585492228

Figure 7(b). Prediction result of classification report, accuracy score and mean squared error
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x_test[:5]

time: currentR currenty’ currentB woltageRY wvoltageYB woltageBR

889 0.01395 -11.354144 11.506184 -0.152040 -1.696867 0950197 0.746469
468 0.00132 2744213 -12.553353 9809140 1.083243 -1.681198 0817953
168 0.00504 23.167967 -8.667380 -4.289192 1.305887 -0.421395 -0.884293
405 0.02240 27604932  8.023813 -13.088507 -0.266403 1.530356 -1.263953

7

=]

0.00210 0.882934 -13.168269 7.373075 1.288565 -1.568603 0.280037

y_test[:5]

289
483
leg
405
70 1

Name: status, dtype: inté4

=R~

model .predict (x test[:5])

array{([0, 0, 1, 1, 0], dtype=inte&4)

model .predict_proba(x_test[:5])
array{[[3.33333331e-01, -111659146e-04],

1
[7.83%30126e-01, 2Z.16003874e-01],
[7.87242844e-02, 5.21275716e-01],
i}
1

843Ze-05, 5.3558324Ze-01],
762705e-01, 1.72237235e-0111)

Fig. 7(c) - Model prediction probability test report.

In this algorithm, we have used 80% of data for testing and 20% of data for training purpose like the previous
algorithms. As it is observed in fig.7(b) that the accuracy result and mean squared error report of Naive Bayes
algorithm are 90.15% and 9.84% respectively.Fig.7(c) shows the model prediction probability. If we observe the
x_test and y_test report then around 91% of our prediction matches with actual value and there is prediction
mismatch of around 9%.

K-Nearest Neighbors algorithm
It is one of the simplest machine learning algorithms based on the supervised learning technique. It is a non-
parametric algorithm as it does not make any prediction on underlying data. It is also under the category of lazy
learner as it does not learn from the training set immediately rather it stores the dataset and at the time of
classification®, it performs an action on the dataset.

Q <> o <>

A

Category B Category B

New data point New data point

K-NN assigned to
Category 1
Category A - Category A -

(] o

Figure 8. Classification of new data point using K-NN algorithm.

Suppose there are two types of data points in a dataset. The new data point can easily be categorized by using K-
NN algorithm as shown in fig.8. There is no particular way to find the best value of K. Very low value of K is
normally not acceptable as it may introduce noise or lead to the effect of outliers in the model. Although large
values of K are good, it may find some difficulties.

The process of implementation is very easy and it is more effective if the training data is very large. It
is very robust to the noisy training data. From all point of view, this method is found to be suitable for our
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dataset. We have taken 80% of the data for training and 20% of the data for testing. The square root of the total
number of testing data determines the value of K. Total number of testing data is 193.Hence the value of K
taken for this use case is 13.This is necessary to mention that there is no such definite process to determine the
value of K.

x_train,x test,y train,y test=train test split(x,y,test size=0.2,random state=0)

sc_x=StandardScaler()
x_train=sc x.fit transform(x train)
x_test=sc_x.transform(x test)

import math
2 math.sgrt(len(y_test))

193
Classifier=RNeighborsClassifier(n_neighbors=13,p=2,metric="euclidean")
Classifier.fit(x_train,y train)
y_pred=Classifier.predict(x test)
Figure 9. Python program for initialization of K-NN function, assigning of K.
¥_pred
arrav{i0; Y. I, 8; Tady Oadiaoks BeoTl B a0y O ni@s 0,00 B a3
0 E,o0) X, E.00 0,00,-0; 0,230 0, 0,507 X, 00200 0,00, 0, E.0
i 1 0 090 1,1, 1,1, 1,1, 0, 0,1, 0,0,0,0, 1,1, 1, 1,
l' OI Of OI ll Of lI ll Qf ll Of OI 0I lf lI ll Of ll lf OI ll Of
O 0,23, B, 0L.:0% 8,..0@.0s B,00° 0, .07 0,31, 0,.0F 0, 0,.:0%
1, 0,35 8, ¥, 2, 3.2, ¥. & 2, T8 0,06 0, X (W 8, O 8k
it 92, 019,900,090 0,090 1, 0,0, 1,0,0, 0, 1,1, 0,
1' 0I Of lI ll lf Ol ij .jl lJI Of ll Ijl ljf Ol ij .jl ll lf OI Ijl ljf
1, 0, 1,0, 0,1, 1,111,460, 0, 1,0, 0, O, 1, 1], dtype=inté4d)

2 iprint(cm)
[riis 0]
[ 0 801]
print({fl score(y test,y pred))
1.0
print{accuracy score(y test,y pred))
1.0

from sklearn.metrics import mean squared erxror

mean squared errer{y test,y pred)

Figure 10. Python program showing predicted output, confusion matrix, accuracy score and mean squared error.
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K-NN function is initialized in python environment as shown in fig.9.Without initialization; the classification
process can’t be done. Fig.10 shows the predicted output as 0 and 1.No_fault condition is denoted by 0 and
LG_fault condition is denoted by 1.All these values completely match with our dataset. Hence accuracy score
obtained is 100% and mean squared error is 0%. The confusion matrix is obtained to know how often the
classifier is correct and how often it is wrong. To explain clearly, we have represented our confusion matrix in a
detailed manner in Table 2.

Table Il. Confusion matrix

Predicted:NO Predicted:YES
N=193
Actual: NO TN=113 FP=0 113
Actual:YES FN=0 TP=80 80
113 80

e There are two possible predicted classes: "yes" and "no". If we are predicting the faulty condition, for
example, "yes" would mean there is LG_fault, and "no" would mean there is no fault.
e The classifier made a total of 193 predictions (e.g., 193 data are being tested for the faulty condition).
e Out of those 193 cases, the classifier predicted "yes" 80 times, and "no" 113 times.
In reality also, 80 data have the LG fault, and 113 data do not. The predicted value and actual value match as the
accuracy score of the prediction is 100% or else both values don’t match.
Let’s know following terminologies which are required for the accuracy and precision calculation.
e true positives (TP): These are cases in which we predicted yes (there is fault), and there is actually
fault.
e true negatives (TN): We predicted no, and there is no fault actually.
o false positives (FP): We predicted yes, but there is no fault actually. (Also known as "Type | error.")
o false negatives (FN): We predicted no, but there is fault actually . (Also known as "Type Il error.").
The followings can be computed from confusion matrix for K-NN classifier:
e Accuracy: Overall, how often is the classifier correct?
o (TP+TN)/total = (80+113)/193 = 1
e Misclassification Rate: Overall, how often is it wrong?
o (FP+FN)/total = (0+0)/193 =0
o equivalent to 1 minus Accuracy
o also known as "Error Rate"
e True Positive Rate: When it's actually yes, how often does it predict yes?
o TP/actual yes = 80/80 =1
o also known as "Sensitivity" or "Recall"
o False Positive Rate: When it's actually no, how often does it predict yes?
o FP/actual no =0/113 =0

e True Negative Rate: When it's actually no, how often does it predict no?
o TN/actual no =113/113 =1
o equivalent to 1 minus False Positive Rate
o also known as "Specificity"

e Precision: When it predicts yes, how often is it correct?
o TP/predicted yes = 80/80 = 1

e Prevalence: How often does the yes condition actually occur in our data?
o actual yes/total = 80/193 = 0.41
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Result & Discussion

As discussed in previous section, we have simulated a high voltage three phase long transmission line over
300 km. using MATLAB. The fault® is introduced at the mid length of the line. Fig.11 shows the waveform
of three phase line voltage without any fault.Fig.12 shows the waveform of three phase line current without
any fault. The complete system is simulated after the occurrence of the LG(Phase A to ground) fault. The
corresponding waveform is presented in fig.13.It is clearly observed that the line voltage Va and Ve, are
affected but line voltage V. is not affected at all as the fault is from Phase A to ground.

However the author has collected all the fault related information in the required
form and implemented most popular four different machine learning classification algorithms to know most
suitable algorithm from accuracy and precision basis. For the ease of analysis, the author has made a clear
comparative representation in tabular form in Table 3 and graphical form in fig.14.From both type of
representation, it is crystal clear that all methods are quite good but k-NN method is most suitable for our
dataset. It gives 100% accurate prediction.

| | | | | |
] o006 3008 001 o0z 0014 016 oie

Figure 11. Three phase line voltage waveform without any fault.

Line curtent without ary fault

T I T I T T

| | | |
0 0002 0,004 0006 0008 [ 002 [ 0016 0018 002

Figure 12. Three phase line current waveform without any fault.
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.T=~.ax

Figure 13. Three phase line current waveforms during LG fault.

Table I11. Result analysis of classification algorithms.

Algorithm/Results | Logistic Support Vector | Naive K-
Regression Machine Bayes NN

Correctly classified | 184 188 174 193

Incorrectly 09 05 19 0

classified

Accuracy 95.33 97.4 90.15 1.0

Mean Squared | 4.6 2.6 9.85 0.0

Error

450

m K-NN

= Naive Bayes

u Support Vector
Machine
Accuracy Mean Precision flscore Logistic Regression
Squared
Error

Fig. 14 - Graphical result analysis of classification algorithms
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Conclusion
These days it is quite unavoidable to use soft computing due to rapid increase of amount of data to be processed
in parallel. By using different machine learning techniques, it is quite easy to make accurate prediction about the
future results to the data made available for processing. In this article, the author used various classification
techniques on three phase long transmission line fault data and concluded that most appropriate algorithm for
the classification of fault data is k-NN algorithm. It is called k Nearest Neighbor algorithm. This study will
definitely be useful for different organizations and individuals working in all such related areas.
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