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In this research, a differential protection technique for a power transformer is proposed by using random forest and boosting
learning machines. +e proposed learning machines aim to provide a protection expert system that distinguishes between
different transformer status which are normal, inrush, overexcitation, CT saturation, or internal fault. Data for 20 different
transformers with 5 operating cases are used in this research.+e utilized random forest and boosting techniques are trained using
these data. Meanwhile, the proposed models are validated by other measures such as out-of-bag error and confusion matrix. In
addition, variable importance analysis that shows signal’s component importance inside a transformer at different instances is
provided. According to the result, the proposed random forest model successfully identifies all of the current cases (100% accuracy
for the conducted experiment). Meanwhile, it is found that it is less accurate as a conditional monitoring element with accuracy in
the range of 97%–98%. On the other hand, the proposed boosting model identifies all of the currents for both cases (100% accuracy
for the conducted experiment). In addition to that, a comparison is conducted between the proposed models and other AI-based
models. Based on this comparison, the proposed boosting model is the simplest and the most accurate model as compared to
other models.

1. Introduction

Electrical power system contains different elements in-
cluding a power transformer which links the whole system.
A power transformer exhibits different oscillatory power
flow features including faults. +e differences in these os-
cillatory power features are due to the nonlinearity of the
magnetic core, where it is difficult to diagnose these features,
and consequently maloperation may occur.

+e efficiency of power transformer protection is usually
described based on its selectivity, security, dependability,
and speed of operation. +is is due to the fact that power
transformers have different current status with different
characteristics depending on many operation factors.
Transformer’s normal operation, faulty operation, external
fault, magnetizing inrush, and overexcitation are different
transformer statuses. In most conditions, a power

transformer can supply differential current with close
characteristics, while only internal fault current is required
to be cleared amongst other conditions [1].

Traditional protection uses the harmonic restrain
method to differentiate between these currents so as to avoid
unwanted protection operation. +e second harmonic order
is used, for example, to differentiate inrush current status
from other statuses. However, the novel improvement of
transformers’ core material decreases the level of second
harmonic which may be classified then as a faulty condition.
Moreover, current transformer (CT) saturation as well as
shunt or distributive capacitance in long high voltage
transmission lines increases second harmonic level in faulty
condition which may cause a failure in detecting the fault
status. Based on that, differential protection is usually ap-
plied in such cases so as to differentiate between different
currents [2].
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Conventional differential protection considers current
transformer (CT) transformation errors, CTmismatch, and
tap variation. It usually follows an increasing curve with
positive specific slope for a relation between differential and
restrain currents. Here, whenever the point of operation is
above this curve, fault status is classified and tripping is
imposed to a circuit breaker. Meanwhile, novel differential
protection implies many classification techniques including
artificial intelligence, transitory feature detection, hybrid
systems, and many others [1–3].

In general, there are two methodologies to address this
problem as listed below:

(1) Signal analysis using time-frequency analysis such as
wavelet transform, s-transform, and Huang–Hilbert
transform [4–10]

(2) Classification algorithms and learning machines
such as artificial neural networks and tree-based
algorithms

In this research, the focus is given to the second
methodology which is classification algorithms and learning
machines. In general, many research studies have been done
on this issue. In [11], a decision tree (DT) is used to classify
different current data composition so as to compare between
these currents which are differential current, restrain cur-
rent, and percentage differential current. In [3], two ANN
networks have been used, for internal fault detection. +e
utilized networks classify different operation statuses such as
normal, inrush, overexcitation, and CT saturation. In ad-
dition, the authors utilized the particle swarm optimization
algorithm (PSO) to optimize the number of hidden layers
and neurons in the proposed ANN networks. Similarly, in
[12], the authors have suggested digital differential protec-
tion using the optimal probabilistic neural network (PNN).
By this model, external fault and normal operation are
identified by comparing two consecutive peaks. Meanwhile,
overexcitation is differentiated by comparing the voltage to
frequency ratio with rated voltage to frequency ratio. In [13],
differential current samples are fed to a decision tree to
classify two statuses of operation which are inrush and
internal fault. Meanwhile, the authors in [2] classified in-
ternal fault, inrush, CT saturation, overexcitation, and
normal condition by using the Bayesian classifier (BC) with
normal distribution by means and variance for single di-
mension and means, variance, and covariance for multi-
dimension.+e authors in [14] used support vector machine
(SVM) and radial basis function (RBF) kernel to classify
standard deviation of the detail 1 coefficient. Meanwhile, in
[15], differential protection such as the wavelet-neurosystem
is performed. +e proposed FFNN is trained by feature
vector dimension and standard deviation of the detail co-
efficient so as to differentiate between two statuses which are
internal and inrush current.

In [16], three membership functions which are differ-
ential, restrain currents, and inrush detector are generated.
+e inrush detector is assumed to be operated based on
primary dead angle detection which is to set the inrush
current flag. +ese three inputs are used to train the fuzzy

inference engine rule base code. Here, if the detector is
activated, then the algorithm acts as an inrush detector.
Otherwise, the relay issues trip/no trip action based on
restrain and differential membership function. In [17],
maximal overlap discrete wavelet transform is used with two
ANN networks. A spectral energy of the sliding window is
calculated first and compared then to some threshold as a
disturbance detector. If disturbance is detected, the ANN
network is initiated and warning is issued regarding external
fault. Meanwhile, internal fault warning is issued, while the
second ANN classifies the fault. Finally, in [18], internal
fault, external fault, CT saturation with fault, deep satura-
tion, and data sampling by means of the similarity differ-
entiation algorithm are proposed. +ey use
pseudocharacteristic to extract the core operating region,
and thus linearity is checked by means of orthogonal
polynomial representation to model the inrush/fault de-
tector. +is algorithm consists of three sequential steps
which are amplitude check, harmonic check, and pseu-
docharacteristic check.

From the reviewed research studies, most of the methods
are based on ANN techniques. However, it is claimed that
random forests (RFs) and boosting have better ability for
classification as compared to ANN considering model ac-
curacy and simplicity. RFs model incorporates random
decision trees and bagging. Meanwhile, bagging is a tech-
nique for reducing the variance of an estimated prediction
function. On the other hand, boosting is another ensemble
technique which has some similarity with bagging and
random forest. Following this, researchers have utilized RF
for such a purpose. In [19], RF is utilized for fault dis-
crimination for a power transformer. +e proposed scheme
relies on extracting features from the measured data of
differential current signals of a power transformer. An
overall fault discrimination accuracy of more than 98% is
achieved. Moreover, in [20], internal and external electrical
faults and inrush current of the transformer are predicted.
+e fault current signals are analyzed first, and then these
features are considered for training the classifiers of the
decision tree and the artificial neural network. According to
[20], the proposed procedure is capable of classifying and
discriminating among winding mechanical defects, internal
and external electrical faults, and inrush current with a good
accuracy. Meanwhile, in [21], the Hausdorff distance (HD)
algorithm is used to reflect the waveform sinusoidal simi-
larity of the differential current so as to distinguish internal
faults, magnetizing inrushes, and faults accompanied by CT
saturation of the transformer. However, RF should be in-
vestigated more for this purpose considering other classi-
fication techniques and development methodologies.
+erefore, the main objective of this research is to provide an
accurate and simple tool to identity power transformer
currents and therefore classify the operation of a power
transformer into two main statuses. First is “no trip” status
which implies normal, inrush, overexcitation, and current
transformer (CT) saturation. Second is “trip” status which
implies internal fault.+emain contribution of this proposal
is the application of different classification techniques in-
cluding RF. Moreover, performance evaluation of these
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techniques is provided considering sensitivity analysis for
proposed models. Finally, analysis of required data for
training is proposed so as to develop an accurate model with
simple computational needs.

2. Types of Currents in Power Transformer

Transformer’s nonlinearity nature complicates the under-
standing of power transformer performance.+is is because in
any abnormal operation status, the system loses its steady state
operation phase. Consequently, the transient operation phase
may imply different types of currents with nonlinear behaviour
including internal fault currents, inrush magnetizing current,
overexcitation current, and CT saturation current [22].

Internal and external fault currents mainly occur because
of main internal faults due to insulation deterioration and
breakdown. Other reasons for internal faults are faults in
winding, core, tap changer, cooling, bushing, and casing.
Meanwhile, external fault current is a high current that
passes through transformer sides. In general, a passing-
through fault current that has a value of 10 times the rated
current may cause a differential current of 1-2 times the
power transformer-rated current. Moreover, high passing-
through current may cause internal faults due to overheating
of insulation [23].

Another type of transformer currents is overexcitation
current which is due to the increase of flux flowing through
the core above some design limit. Magnetizing current
characteristics follow core characteristics distorting the
current signal. +us, the current from the source to load has
two components which are core magnetizing current and
load current. Transformer overexcitation in transmission
and distribution networks is caused by overvoltages in the
network. +is current has high percent of the fifth harmonic
order. On the other hand, inrush current occurs because of
an overexcited core with special case of saturation during the
initial excitation. Finally, deep saturation current is similar
to external fault current, and it occurs when a transformer is
driven more into saturation [23].

3. Modelling of Power Transformers

In general, transformer’s model has two parts, namely,
winding model and core model. When modelling a trans-
former, it is necessary to consider transient analysis as it has
two main aspects which are the nonlinearity and frequency
dependency. Nonlinearity arises from the magnetic core
saturation region, whereas frequency affects winding and
core sections [24]. On the other hand, the steady state
transformer model based on matrix representation can be
descried as follows:

V � ZI. (1)

+e transient phenomena including the inductance ef-
fect case can be described then as follows:

di

dt
  � [L]

− 1
[v] +[L]

− 1
[R][i]. (2)

Here, this representation is valid for frequencies that are
up to 1 kHs.

Transformer model for a three-phase, three-legged, two-
winding transformer can be represented, where a simplified
model is available [23]. In this model, which is based on self-
and mutual inductances, this technique has a problem of
close values for self- and mutual inductances [25]. However,
the transformer model can be solved by state space matrices
as follows:

dX

dt
  � [A][X(t)] +[B][U(t)], (3)

where X(t) is the state variables� iL1 iL2 iL0 ϕ1j
 ϕ2k

ϕ3l
],

[U(t)] is the input vector� e1 e2 e3 Sh1j
Sh2k

Sh3l
 , A is

the coefficient matrix, and B is the coefficient matrix.
One of the main concerns in transient analysis is stiffness

since the problem may swing from nonstiff to extremely stiff
situation which may affect the algorithm used and the
number of steps [23]. Since some numerical methods require
small step size to ensure stability, the explicate numerical
method needs to avoid the stiff system [24]. Further de-
velopment of the model can be achieved by taking into
account winding and core topology, frequency dependency,
and capacitor effect. Winding resistance can be approxi-
mated using [24]

R � Rdc + ΔRac

f

f0
 

m

, (4)

where m is a factor that has a value in the range of 1.2–2.
+e general model needs manufacturing data and tests to

estimate its characteristics. In this research, data are ob-
tained from [3]. +is dataset includes data for 20 different
transformers. More details about adapted transformer
specifications can be found in [3]. In this dataset, differential
current samples are extracted. Hence, a discrete signal was
sampled with 16 samples/cycle, and each sample in the
resulting data is denoted by P1, P2, P3, . . ., P16 where
symbol P denotes point. Meanwhile, the output is denoted as
type, which has values of 1–5. Full data can be obtained from
[3].

+e five numbers (1, 2, 3, 4, and 5) indicate the five
different cases of a transformer which are normal operating
condition (Case 1), inrush magnetizing current (Case 2),
overexcitation (Case 3), CTsaturation (Case 4), and internal
fault (Case 5).

4. Classification Trees

Over the past years and in light of artificial intelligence
techniques, different classification tree-based techniques
have been developed. +ese techniques include single tree,
bagging, random forests, and boosting. Random forests and
boosting techniques perform better than single tree and
bagging. Trees are a good candidate classifier for the random
forests technique, as it reduces variance. Random forest is an
ensemble technique which uses the tree-based algorithm. It
is an extension to the bagging algorithm that is considered as
a predecessor technique. +is technique has internal
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measures that can be used to judge the algorithm including
error, strength, correlation, and variable importance [25].

4.1. Tree-Based Algorithm. +ese techniques partition the
problem space into separate domains, whereas each domain
or region is a rectangle. +ere are two elements that are
needed to perform this operation which are variable (fea-
ture) to split and point to split on.

Different measures are used to guide the tree building
algorithm based on trees’ building goal such as regression,
classification, and purpose of using (growing tree or
pruning). In regression, sum of squares is a good impurity
measure. Meanwhile, in classification of other measures of
impurities, the Gini index, cross entropy, and misclassifi-
cation error are used. Gini index and cross entropy are more
sensitive, so they are more suitable for growing trees. Tree is
interpretable since the whole space is described by some
inequalities [25].

4.2. Bagging. +is technique uses bootstrap samples to build
trees that are averaged over the ensemble to reduce variance
leaving bias unchanged. For classification, every tree casts a
vote, and the majority vote presents the result.+emain idea
in bagging is to have independent identical distribution
which implies zero correlation between a pair of trees in the
ensemble and the same bias, so it is suitable for high-var-
iance low-bias examples [26].

4.3. Out-of-Bag. It describes the average for observation
(single) over classifiers which bootstrap does not contain.
+ese out-of-bag classifiers are used to estimate general-
ization error, strength, correlation, and variable importance
since they are similar to the test set with approximately one-
third of the training set since they mimic the validation set. If
there is a set of n samples and m extracted samples, the
average number of different examples is given by following
relation [26].

4.4. Random Forest. Random forest construction is similar
to bagging, rather it differs in introducing more randomness
to themodel using different methods such as random feature
selection, random linear combination of input, and random
noise in output. Figure 1 shows the random forest model.

Common technique uses random feature selection where
the number of features selected is less or equal to the total
number of features, where these features are used to split on
by selecting the best split. More randomness implies less
correlation and more strength.

Increasing number of the tree generalization error will
have upper limit:

generalization error �
ρ 1 − s

2
 

s
2 , (5)

where ρ is the average correlation between the tree vector
conditioned to training data and s is the strength of clas-
sifiers given by the margin function.

It is evident that error is a combination of two trade-off
values; increased correlation will increase error, hence low
classifier performance and vice versa. Meanwhile, increased
strength will reduce error, hence better classifier perfor-
mance. Lower number of randomly selected input will re-
duce the correlation, for example, see [25].

Another way to understand the principle is in terms of
variance; for an independent identical distributed random
variable with variance σ2, variance of the average is given by

variance �
σ2

N
, (6)

where N is the number of trees in the ensemble.
+e variables are not independent rather identically

distributed, and the variance of the average is given by

variance � ρσ2 +
(1 − ρ)σ2

N
, (7)

where ρ is the sampling correlation between a pair of trees
rather than average and σ is the sampling variance of a single
tree.

Equation (7) clearly states that the second term vanishes
with the increasing number of trees and is limited to the
value given by the first term. As stated earlier, random forest
reduces variance keeping bias unchanged, and hence vari-
ance is limited to multiplication of correlation and tree
variance. +is reduces correlation without affecting variance
too much by insertion of more randomness like random
selection.

4.5. Boosting. Boosting is another ensemble technique;
nevertheless, it has superficial similarity with bagging and
random forest. Since previous techniques build classifiers in
a parallel way, boosting builds them in serial granting
weights in two different steps. Figure 2 illustrates the
boosting algorithm concept.

Boosting represents a family of algorithms which are
adaboost, adaboost.M1, and SAMME. Adaboost is a biclass
boosting technique. +us, boosting represents the move to
multiclass using the forward stage-wise additive model and
the fitting additive model as follows:

prediction �  βb(x; c), (8)

whereas a loss function that uses exponential loss is applied
for adaboost.M1 and SAMME as follows:

L(y, f(x)) � e
− yf(x)

. (9)

Adaboost.M1 algorithm starts by initializing the weight
as follows:

wi �
1
N

, (10)

where i indicates the weight for each respective observation.
Next, weighted error is calculated by
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error �


observations

wiI(h(x)≠y)


observations

wi

. (11)

Training rate is calculated based on error which repre-
sents the contribution of each classifier in the final result,
and it represents learning rate as follows:

α � ln
1 − error
error

. (12)

+e previous equation is based on Freund and Schapire,
while other boosting multiply the previous equation by half
as suggested by Breiman [25]. +en, weights are adjusted so
that wrongly classified examples have more attention hence
more weight, while correctly classified examples have less
weights using the following equation:

winew
� wiold

e
α I(h(x)≠y)

. (13)

After that, a new training set is used to train the new
classifier. +ese steps are repeated where each classifier gives
weighted vote using α.

SAMME only differs from adaboost.M1 as it takes into
account the number of classes by meaning of training rate
and modifying as follows:

α � ln
1 − error
error

+ ln k − 1. (14)

5. Results and Discussion

5.1. Model Architecture and Data Rehabilitation. In this
research, RF and boosting models are developed using the R
language which uses the random forest package. Data were
divided into two groups, namely, training and testing with
different percentages (100% : 0%, 80% : 20%, and 60% :
40%). +e utilized data in this research can be described as
16 features (discrete samples) of differential current with
typically 4 variables to split and response of 5 classes
available.

+e developed RF model has 500 trees to be grown
(ntree), while the number of variables (mtry) is selected
randomly as a candidate for splitting. +is value is different
for classification (

��
p

√
) and for regression (p/3), where p is

the number of variables. On the other hand, the minimum
size of the terminal node (nodesize) for classification is set to
be 1 and 5 for regression. Meanwhile, the maximum number
of terminal nodes (maxnodes) is assumed to be limited by
node size.

+e proposed model was trained, and OOB error was
investigated for the best number of trees (ntree) and the
number of variables to split (mtry). Moreover, the accuracy
of the proposed model is enhanced by changing the number
of nodes by tuning ((nodesize) and (maxnodes)). +is
process is evaluated by extracting trees and observing its
parameters.

On the other hand, R function gbm is also tested. +e
main features of gbm are distribution which represents the
multinomial because of the multiclass classification prob-
lem, ntree (701), bag.fraction (0.5) to perform OOB

Training set
N sample, M features Bootstrap

T samples

Building T
CART tress

Sample 1 Sample 2 Sample T

InBag TInBag 2InBag 1 OOB TOOB 2OOB 1

Test set
N samples
M features

Predictor 1 Predictor 2 Predictor T

Prediction: the average
aggregation of all predictors

Training

Testing

Figure 1: Random forest model.

Mathematical Problems in Engineering 5



estimation, shrinkage (0.1), and cv.folds (5) to perform cross
validation.

As for the boosting model, the best number of trees
(ntree) is 701, bag.fraction is 0.5, shrinkage is 0.1, and
cv.folds is 5.

+e proposed RFs and boosting models are trained by
differential current samples, where 16 data columns are
needed to be investigated. +e output of this process is the
type of current which is represented by five classes (1, 2, 3, 4,
and 5). At the beginning, RFs and boosting models are
trained based on 100% of the data. +is is to check the
general ability of these models to handle the data and the
suitability of the dataset to be processed by such a model.
Considering the nature of these learning machines, it is
expected to have high accuracy of prediction in case of
testing them using the same data that they were trained
based on. Meanwhile, high error in such a prediction means
that either the utilized tools are not suitable for such data or
the data need to be rearranged or processed to as to be
handled by such tools.

Anyway, after conducting this precheck, the perfor-
mance of the models was noticed to be with around one-
third of data misclassified.+e prediction error in classifying
normal, inrush current, overexcitation, CT saturation, and
internal fault was 40%, 55%, 30%, 25%, and 15%, respec-
tively, for the RF model. Meanwhile, the overall accuracy of
the proposed boosting model was 27.5%.

Here, it is very clear that the utilized data should be
rehabilitated so as to be suitable for training and prediction.
To do so, current samples with different structures and
relation are given new weights such as (s/

�
3

√
Vp), (s/

�
3

√
Vs),

and (s/
�
3

√
Vaverage). In addition to that, apparent power of

five power transformers has been replicated with the same
distribution over five cases for all datasets with different
structures by using an exponential relation (s/

�
3

√
Vaverage).

5.2. Model Training Results and Validity of Utilized Data.
After rehabilitating the data, the model was trained again
using the new set of data with a single candidate to be split

Training data

Weight initialization

h1

h2

h3

hN

Error calculation

Learning rate α
calculation

Update weight

Error calculation
Learning rate

Update weight

Error calculation

arg maxjєY = 
N

α I(h(x) = j)

Figure 2: Boosting algorithm.
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and 701 trees, whereas 100% of data were used in training.
+is process resulted in minimum OBB error, 0%. Figure 3
shows the OOB error development with respect to the
number of trees.

Moreover, Table 1 shows the confusion matrix of this
process which gave perfect situation, whereas all numbers
are diagonal and off-diagonal are zeros. Hence, error rate of
all cases is assumed to be zero.

In addition to that, variable importance which is a
feature that gives insight over significance and contribution
of each feature to system’s accuracy is provided in Figure 4.
It reflects error decrease contribution of each variable to the
overall accuracy. Two measures of variable importance are
shown in Figure 4 which are mean decrease accuracy (MDA)
and mean decrease Gini (MDG).

In Figure 4, the MDA value is measured using OOB
samples by permuting these samples for each tree. Base OOB
prediction error is recorded, and the OOB error is recorded
after permuting the variable. +e sum of differences between
these two values is averaged over all trees in the ensemble.
+e larger the MDA, the more important the variable.
Meanwhile, MDG measures sum decrease of node impurity
by splitting on that variable. +e larger the MDG, the purer
the variable.

Anyway, from Figure 4, the importance of samples is
approximately the same for all. However, it also can be seen
that early moments of the signal have higher importance
than late moments of the signal (P4 has higher importance
than P16). +us, before developing the final model, sensi-
tivity analysis should be done to determine the most im-
portant values as in the following section.

5.3. Sensitivity Analysis of Models Input. As stated previ-
ously, different moments of the signal hold different amount
of information and consequently it varies in importance.
+is fact could be used to reduce the number of required
inputs and therefore ensure faster performance and simple
model. In this research, different datasets are used in training

which are (3/4), (1/2), and (1/4) of the data. Figures 5(a)–
5(c) show the results of variable importance with (3/4),
(1/2), and (1/4) of the input data, respectively.

In order to provide a simple model, minimumnumber of
inputs should be considered. To do so, the capture OOB
error development with respect to the number of trees for
each case is calculated. Here, the OOB error of using (3/4) of
the data (P1–P12) is 0%; meanwhile, the OOB error of using
half of the input data (P1–P8) is almost 1%, while the OOB
error of using the quarter of the data (P1–P4) is 2%.
+erefore, in this research, (3/4) of the data (P1–P12) are
used to train the models; this process provides similar results
to the process, whereas 100% of the data is used. +is
simplifies the model especially in the embedding process.

5.4. RFsModel TestingResults. +e previous analysis is based
on OOB error which is good enough to judge models in
terms of validity and ability considering the number of
inputs and ability of handling the problem. However, the
previously developed models cannot be used for testing as
they have been developed using 100% of the data. +us, to
propose a realistic model, the model should be tested by data
not used in training.+erefore, two training-to-testing ratios
of 80/20 and 60/40 are selected, and the proposed model is
developed based on that. +e idea here is to minimize the
percentage of the training data subject to high accuracy so as
to minimize the need capacity during the embedding
process.

0.5

0.4

0.3

0.2

0.1

0.0

0 200 400 600
Trees

Type
1
2
3

4
5
OOB

Er
ro

r

Figure 3: OOB error vs. the number of trees for the modified dataset.

Table 1: Confusion matrix for the modified dataset.

Prediction
1 2 3 4 5 Class error

True

1 20 0 0 0 0 0.0
2 0 20 0 0 0 0.0
3 0 0 20 0 0 0.0
4 0 0 0 20 0 0.0
5 0 0 0 0 20 0.0
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First, the RFmodel is trained with 80% of data and tested
by using the remaining data. +e developed model in this
case has an error of 1.25% as indicated in the confusion
matrix in Table 2.

Secondly, the proposed RF model is trained based on
60% of data, while 40% are used for testing.+e error noticed
with this model is 5% as indicated in the confusion matrix
that is shown in Table 3.

Figures 6(a) and 6(b) show the results of both cases. In
general, the first model almost predicted all cases as it failed
in predicating only one case, while the second model suc-
cessfully predicted all cases. Here, these results do not mean
that the second model (60/40) is better than the first model
(80/20); on the contrary, the first model should be better in
fact as it is trained more than the second model. However,
both models fail sometimes as there is a small margin of
error indicated in both cases. However, it is very clear that
both models can predict these cases successfully.

5.5. Boosting Model Testing Results. Boosting is another
powerful ensemble technique, whereas the performance of
this technique is highly comparable to random forest that
surpasses in some cases, and it is used to further inves-
tigate system performance. It is important to select an
optimal number of trees for the developed model so as to
achieve the fast model which do to not overfit data. Table 4
shows the number of trees used in developing the boosting
model considering different dataset situation and training
process.

Even so, the optimal number changes from single run to
another, using optimal number of trees each case at a time.
With the original dataset used, the system will be trained the
same as previous parameters while prediction is achieved by
an optimal number of trees with a train-to-testing ratio of
60/40. As a result, when the boosting model is trained using
the modified data, the model showed very high accuracy

where all cases were identified correctly. +is in fact slightly
exceeds the proposed RF model. Moreover, it required
modifying the parameters of the RF model and consequently
complicates it so as tomake it more accurate. Meanwhile, the
proposed boosting model was more accurate and simpler as
it did require any parameter modification, Moreover, it was
developed based on less training-to-testing ratio.

5.6. Comparison between Proposed Models and ANN-Based
Models. As mentioned in Section 1, most of the researchers
utilize ANN for classification of power transformer currents.
Moreover, some other researchers utilized optimization
techniques to optimally select the number of hidden layers
and hidden layers’ neuron numbers so as to achieve min-
imum error. +us, in order to show the superiority of the
proposed models, different types of ANN-based models are
taken as the benchmark. +e conventional ANN model in
[2] as well as ANN/PSO and ANN/IGSA in [2, 3], respec-
tively, are taken as benchmarks in this research.

Table 5 shows a comparison between different tech-
niques. It is clear from the table that all of themodels are very
accurate except for the RF model which has an accuracy that
is slightly below other models (boosting, ANN, ANN/PSO,
and ANN/IGSA). After all, we can say that all models are
accurate. However, when it comes to AI-based techniques
that are applied to physical systems such as electrical power
systems, other issues should be considered. One of the most
important issues is the easiness of embedding this technique.
In fact, embedding control algorithms are essential so as to
implement physically. As far as the algorithm is complex and
large, the embedding process is challenging. +us, by
looking at the models in Table 5, we can say that optimised
ANN models are more complex than conventional ANN,
RF, and booting models. Meanwhile, 60-to-40 RF and
boosting models are preferred as compared to 80-to-20 RF
and boosting models. Meanwhile, the 60-to-40 boosting
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Table 2: Confusion matrix for the train-to-test ratio 80/20.

Prediction
1 2 3 4 5 Class error

True

1 16 0 0 0 0 0.0
2 0 16 0 0 0 0.0
3 1 0 11 0 0 0.08333333
4 0 0 0 18 0 0.0
5 0 0 0 0 18 0.0

Table 3: Confusion matrix for the train-to-test ratio 60/40.

Prediction
1 2 3 4 5 Class error

True

1 12 0 0 0 0 0.0
2 0 12 1 0 0 0.07692308
3 1 0 10 0 0 0.09090909
4 0 1 0 10 0 0.09090909
5 0 0 0 0 13 0.0
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Figure 6: (a) Prediction results for the 80/20 RF model. (b) Prediction results of the 60/40 RF model.

10 Mathematical Problems in Engineering



model is classified as the simplest and easiest to be
embedded.

6. Conclusion

In this research, differential protection and conditional
monitoring based on a sampled differential signal by using
random forest and boosting models is done. An experi-
mental dataset for a power transformer was used in this
research. +en, these data samples are used to train the
selected ensemble techniques. +ese models are assumed to
issue tripping status for internal fault and no trip status
otherwise. Meanwhile, all cases are classified including
normal, inrush, overexcitation, CT saturation, and internal
fault as a conditional monitoring system.+e utilized dataset
has been modified first so as to achieve maximum accuracy.
After that, different training-to-testing ratios for validating
the model 80-to-20% and 60-to-40% were applied. Results
showed that for the proposed RF model, the accuracy of
protection element was 100%, while less accurate condi-
tional monitoring element (97%–98%) was noticed. On the
other hand, the proposed boosting model showed better
accuracy by achieving 100% of correct decisions for both
cases. Finally, a comparison was conducted between the
proposed models and other AI-based models, and the
proposed boosting models were found to be the simplest and
the most accurate models as compared to other models.
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+e data are available upon requests to the corresponding
author.
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