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Abstract—The Induction motor fault can lead to financial loss
in any place where it is used. Hence, an early detection and
diagnosis of fault and its classification becomes most important
for the smooth working of the system. In this paper the study
proposes an algorithm for fault classification. The second order
blind identification method (SOBI) is used for calculating the
estimates and these estimates are given to the ANN for fault
classification. Result indicates the input requirements are reduced
for the classification of faults when 14 statistical parameters of
2nd and 3rd estimates of SOBI are given to the ANN.

Index Terms—SOBI, BSS, ANN, Fault Classification

I. INTRODUCTION

The induction motor ranks among the most frequently

employed motors within industrial settings. About 60% of the

industrial load is induction motor load. The induction motor

fault causes the industrial process to halt. This causes huge

amount economic losses to the industries. The types of fault

those an induction motor come across are rotor faults and

stator faults. The rotor fault accounts for 20% faults on the

induction motor. Rotor faults encompass categories such as

rotor eccentricity, damage, fracture or deformation of rotor

cage bars, and cracks or fractures in end rings, as well as rotor

bowing [1]. The total faults of induction motor 40% faults

reported are the bearing fault. Stator related issues generally be

divided into two main groups: (i) faults related to laminations

and the frame and (ii) faults associated with stator windings.

These faults can occur in an induction motor due to various

stress factors, including mechanical, thermal, electrical, and

environmental factors, leading to potential fault conditions[2].

Numerous techniques and technologies are being suggested

for identifying fault conditions in various systems. These

methods include Employing electromagnetic field monitoring

via coils wound around motor shafts particularly in con-

text of axial flux detection and utilizing search coils, Uti-

lizing infrared recognition, Monitoring radio-frequency and

(RF) emissions, Assessing noise and vibration, Measuring

acoustic noise, Implementing motor-current signature analy-

sis (MCSA), Employing model-based, artificial intelligence

based, and neural network-based approaches. Various tech-

niques have been suggested for fault detection and classifi-

cation, including methods such as MCSA, Park’s Transform,

Artificial Neural Networks,Finite Element Method, Concordia

Transform, Vibration Testing and Analysis, Multiple Ref-

erence Frames Theory, External Magnetic Field Analysis,

Power Decomposition Technique,KU Transformation Theory

and Wavelet Analysis. Among all the methods the MCSA,

ANN and Wavelet Analysis method has been widely used

because of the several advantages. For rotor faults detec-

tion and classification various methods have been used like

Fast Fourier Transform (FFT), Short Time Fourier Transform

(STFT), Discrete Wavelet Transform (DWT), finite element

analysis, Vienna Monitoring Method, and wavelet transform

based methods[3]. For stator faults mostly discussed and

occurred fault is a bearing fault, then interturn faults are

considered. To detect and classify bearing and interturn fault

various methods for detection and classification have been

proposed the negative and zero sequence currents for de-

tection, checking for the additional air gap flux harmonics,

instantaneous power signatures, random forest classifier, Park’s

Transform, Principal Component Analaysis(PCA), Artificial

Neural Network (ANN), Fuzzy classifier are used [2][3].

In addition to these approaches, researchers have delved

into a novel realm of fault detection and classification known

as blind source separation (BSS) methods. There are several

algorithms in BSS like information maximization algorithm,

Fixed point algorithms(ICA), JADE algorithm[4]. ICA uses the

higher order statistical properties to linearly mixed signals into

independent components, all without any prior information

about original components or mixing process[5]. The ICA

method is used over the FFT output and its standard deviation

in region of interest were found to be fault discriminant [6].

The ICA method along with some constrained is used to

classify the fault. The information is contained by the signals

in terms of independent component is less so the c-ICA

algorithms can classify the fault based only if prior knowledge

of mechanical information is known as reference[7]. The ICA

technique is employed to identify faults in induction motor

by determining a threshold and triggering a fault detection if

any condition surpasses this condition[8]. Form above results

we come to the conclusion that ICA can be used for the fault

2024 IEEE International Conference on Information Technology, Electronics and Intelligent Communication Systems (ICITEICS) 
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detection but will not be suitable for the fault classification.

So another method and area of BSS algorithms is higher order

statistics (HOS) called as Second Order Blind Identification

method (SOBI). This paper is organized in eight chapters.

The second chapter will explain about the SOBI method

its advantages and disadvantages. Third chapter presents in-

troduction to Artificial Intelligence. Fourth chapter presents

feature extration. Fifth chapter will present the algorithm for

classification of the faults of induction motor. Sixth chapter

will discuss the experimental setup and observations. Seventh

chapter will present the results and discussions. Eight chapter

will present the conclusion and future scope.

II. SECOND ORDER BLIND IDENTIFICATION (SOBI)

METHOD

The method was introduced by Belouchrani et al., in 1997

[9]. Second-Order Blind Identification (SOBI as introduced

by Belouchrani et al. in 1997), leverages the temporal inter-

dependencies of components through the joint diagonalization

of one or multiple auto-covariance matrices. After that several

authors have used this algorithm for source separation and

finding out the valuable information for detection and clas-

sification in various area of application. The SOBI method

has found application in various domains, including artifact

removal from EEG data [9], the identification of significant

signals in brain EEG data [10], the separation of vibrations

originating from underground traffic, and the prediction of

wind speed. SOBI has gained recognition as a well-established

and extensively researched technique for separating uncorre-

lated weakly stationary time series. For different time series

and BSS model this method has to be provided with some

modification [11]. The SOBI method has been successfully

implemented by the Oliveira et al. in 2020 for harmonic and

inter harmonic classification of Power Quality disturbances.

Applying the same concept here the induction motor fault

classification is achieved [12]. The SOBI algorithm operates

by approximating the joint diagonalization of two correla-

tion matrices characterized by different delays. When z[n] a

whitened vector is provided, it investigates for a collection

of r delayed correlation matrices for z[n], denoted as Rz(τi)
for i = 1,. . . ,r. The objective of SOBI is to find a unitary

transformation V such that:

V TRz(τi)V = Difori = 1, ....., r (1)

where, Di refers to a collection of covariance related to

the estimated signal y[n].By working with several correlation

matrices, SOBI reduces the probabilities of incorrect delay

selection interfering with blind separation process. Put simply,

the steps to execute the SOBI can be summarized as follows:

1.Evaluate the MxM correlation matrix Rx(0) of signals

x[n] as:

Rx(0) = E[x(0)xT (0)] =
1

N −M + 1
XXT (2)

where X is called as the Hankel matrix

2.Estimate the EVD of Rx(0):

Rx(0) = VxDXV T
x (3)

where V = [v1, v2, . . . . . . , vM ] is an MxM unitary matrix hav-

ing eigenvectors of Rx(0) and Dx is an MxM diagonal matrix

having eigenvalues λ1, λ2, λ3, . . . , λM of Rx(0) prepared in

descending order.

3. A white vector z[n] is obtained by performing whitening

of x[n] through the whitening matrix Q,

z[n] = Qx[n] (4)

Where,

Q = D(−(1/2))
x V T

x (5)

4. Calculate H delayed sample correlation matrices Rz(τ)
from z[n] for a set of fixed delays

τε(τjj = 1, . . . .., H); (6)

5.Obtain the unitary matrix V , which is the joint diagonal-

izer of the set of correlation matrices (Rz(τj), j = 1, . . . , H),
by applying the Givens Rotation method[12];

6.Estimate the output signals as:

y[n] = V TQx[n] (7)

And or the mixture matrix A, as A=Q*V.

Where * denotes the Moore-Penrose pseudo-inverse.

Experimental findings have indicated that employing mul-

tiple correlation matrices is more effective and resilient in

scenarios characterized by low signal-to-noise ratio (SNR)

and/or sources with minimal spectral distinctions[12].

III. ARTIFICIAL INTELLIGENCE

Neural network is recognized as a biologically inspired

computational method. It consists of the processing element,

connections, and coefficients. The processing elements are

neurons, connections are training and recall algorithms and

coefficients are the weights given to connections.The Archi-

tecture of Artificial Neural Network is shown in Figure1.

Artificial neural networks possess key attributes such as adapt-

ability in learning, the ability to generalize, parallel processing

at scale, resilience, the capacity for associative information

storage, and processing of spatiotemporal information [13].

Artificial intelligence is being used in various area of applica-

tions like pattern recognition, speech recognition, biomedical

Fig. 1. Architecture of Artificial Neural Network
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diagnosis applications, induction motor fault detection and

diagnosis, and many more[14]. The neural network illustrated

here is organized in three tiers: an output layer, a hidden layer

and an input layer . The artificial feed-forward network topol-

ogy is selected for simplicity. The choice for training input

patterns involves utilizing a feedforward network, while error

computation and weight adjustment based on error calculations

are accomplished through backpropagation. The progression

goes from input layer to hidden layer and to the output layer.

IV. FEATURE EXTRACTION

It is necessary to develop a feature extraction approach

for classifying defects. Statistical parameters are extracted

to classify the different faults. These statistical parameters

include minimum, maximum,variance, avegare(mean), middle

value(median), addition(sum), absolute addition(sum), shape

factor, root mean square value(RMS value), kurtosis, energy,

crest factor, standard deviation and skewness of captured stator

current signals. The mathematical formula and its calculations

can be referred in detail in [15].

V. PROPOSED ALGORITHM

Step1: Capture three phase current of the Induction motor

for processing.

Step2: Take transpose if captured signal is in column and

apply SOBI Algorithm to the signal

Step3: Calculate 14 statistical parameter of 2nd and 3rd

estimate

Step4: Apply ANN classifier for the classification of the

faults and obtain confusion matrix and the ANN classifier

model

VI. EXPERIMENTAL SETUP AND OBSERVATIONS

For the purpose of experimentation and data generation, a

squirrel cage induction motor with the following specifications

is employed: 2 H.P, 3-phase, 4 poles, 415 volts, 50 Hz. The

experimental set up is shown in Figure 2.

This motor has 24 coils distributed across 36 slots. Each

phase consists of 8 coils, each comprising 300 turns. A tapping

configuration is applied to each phase, with the tapping starting

at 10 turns from the neutral point. With each group containing

approximately 70 to 80 turns, tapping are drawn from these

coils. To capture the current and voltage signals, an ADLINK

DAQ system is used, operating at a sampling frequency of

Fig. 2. Experimental Setup

Fig. 3. 3-phase Current signal of the healthy condition of induction motor

Fig. 4. 3-phase Current signal of the bearing fault of induction motor

Fig. 5. 3-phase Current signals of inter turn fault of Induction motor

Fig. 6. 3-phase Current signal of rotor bar crack of Induction motor

1 kHz, and data is collected under various load and supply

conditions for the specific cases outlined in Figure 3 to Figure
6. The Figure 3 to Figure 6 display the 3-phase current

signals corresponding to different fault conditions in the 3-

phase induction motor.

The various condition of fault current are processed through

the SOBI algorithm then 3 estimates are obtained. Note that

the 3rd estimate and 2nd estimate shows the largest variations
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Fig. 7. SOBI demixing matrix estimates for healthy condition

Fig. 8. SOBI demixing matrix estimates for bearing fault condition

Fig. 9. SOBI demixing matrix estimates for Interturn Fault Condition

when compared with the healthy conditions and fault condi-

tion. The SOBI decompositions are as shown in Figure7 to

Figure10 for various fault condition when motor is on load.

Form observation of Figure7 to Figure10 it is clearly visible

that 3rd and 2nd estimates of faulty condition demonstrate

the significant variation as compared to the healthy condition.

Hence 14 statistical parameter has been calculated for both of

the estimates. These 14 statistical parameters of 3rd and 2nd
become the input to the ANN.

VII. RESULTS AND DISCUSSION

It is clearly seen that 3rd and 2nd estimate of the SOBI

demixing matrix shows greater variations, so statistical param-

eter of 3rd and 2nd estimate has to be calculated. The total 10

Fig. 10. SOBI demixing matrix estimates for Rotor-bar fault condition

reading are taken for each fault, hence 28x40 matrix of statis-

tical parameters is obtain. An artificial neural network (ANN)

with its strong pattern recognition abilities proves to be a valu-

able tool for the classification of faults in induction motors.

This study utilizes a three-layer Feed Forward ANN (FFANN)

trained through a supervised learning technique known as Back

Propagation. The FFANN structure contains an input layer,

hidden layer, and an output layer. The input layer comprises

28 nodes corresponding to statistical features derived from

the 3rd and 2nd estimates of the SOBI demixing matrix, 12

neurons in the hidden layer. Meanwhile, the output layer is

represented by four processing elements, each representing

one of the following conditions: rotor bar crack, interturn

fault, bearing fault and healthy condition.The ANN model

obtained after training is shown in Figure 11. Randomized

data is given as input into the network, to ensure generalization

and the Transigmoid transfer function is employed for training

purposes. This training process yields a percentage accuracy

for classification. Considering these foundational principles,

the research investigates the relationship between the accuracy

percentage in categorizing induction motor states and the

quantity of processing elements within the hidden layer. It can

be clearly observed that the ANN is able to classify the faults

with 100% accuracy considering the healthy condition. The

Fig. 11. ANN Training Model for induction motor fault classification
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Fig. 12. Confusion Matrix for classification of induction motor fault

TABLE I
COMPARISON OF THE VARIOUS PARAMETERS OF ANN AND SOBI

ESTIMATES AND CLASSIFICATION RESULTS

Estimate No.
selected for
the statistical
calculation
and feed to
ANN

Neuron
Input

Neuron
output

No. of
hidden
layers

No. of
hidden
Neurons

Confusion
matrix
classifi-
cation

All 3 esti-
mate

42 4 1 7 100%

Only 3rd es-
timate

14 4 1 11 98%

2nd and 3rd
estimate

28 4 1 12 100%

confusion matrix obtained after training is shown in Figure
12. Table 1 displays the accuracy of classification when all

the statistical features from the estimates are input to the

ANN, resulting in a 100% classification accuracy rate. So

as to check whether ANN can classify all the conditions

with less number of input only the statistical parameter.

The classification accuracy when the statistical parameter of

only 3rd estimate is considered then only 98% classification

accuracy is obtained. Hence to improve classification accuracy

2nd estimate along with 3rd is considered for processing and

100% classification accuracy is obtained here.

VIII. CONCLUSION AND FUTURE SCOPE

The paper proposes SOBI-ANN based induction motor fault

classification. SOBI algorithm is used as signal separation

method to identify the dominant fault signals and is given

to the ANN after feature extraction for classification as ANN

has good classifier properties. As this method is a time domain

based method its computational complexity is less and time

required to perform classification also reduced. Now this work

could be extended by applying dimension reduction methods

to select the dominant features after calculating the statistical

parameter those are feed to ANN for classification.

REFERENCES

[1] M. R. Mehrjou et al., “Wavelet-Based Analysis of MCSA

for Fault Detection in Electrical Machine,” in Wavelet

Transform and Some of Its Real-World Applications, D.

Baleanu, Ed., InTech, 2015. doi: 10.5772/61532.

[2] R. Jigyasu, A. Sharma, L. Mathew, and S. Chatterji,

“A Review of Condition Monitoring and Fault Diagnosis

Methods for Induction Motor,” in 2018 Second International

Conference on Intelligent Computing and Control Systems

(ICICCS), Madurai, India: IEEE, Jun. 2018, pp. 1713–1721.

doi: 10.1109/ICCONS.2018.8662833.

[3] R. N. Dash, S. Sahu, C. Ku. Panigrahi, and B. Subudhi,

“Condition monitoring of induction motors: — A review,”

in 2016 International Conference on Signal Processing,

Communication, Power and Embedded System (SCOPES),

Paralakhemundi, Odisha, India: IEEE, Oct. 2016, pp.

2006–2011. doi: 10.1109/SCOPES.2016.7955800.

[4] Y. Li, D. Powers, and J. Peach, “Comparison of Blind

Source Separation Algorithms,” C 2000 WSES P18-21

Mastorakis2000 Adv. Neural Network. Appl. WSE, p. 6.

[5] A. Tharwat, “Independent component analysis: An in-

troduction,” Appl. Comput. Inform., vol. 17, no. 2, pp.

222–249, Apr. 2021, doi: 10.1016/j.aci.2018.08.006.

[6] J. E. Garcia-Bracamonte, J. M. Ramirez-Cortes, J. de

Jesus Rangel-Magdaleno, P. Gomez-Gil, H. Peregrina-

Barreto, and V. Alarcon-Aquino, “An Approach on MCSA-

Based Fault Detection Using Independent Component

Analysis and Neural Networks,” IEEE Trans. Instrum.

Meas., vol. 68, no. 5, pp. 1353–1361, May 2019, doi:

10.1109/TIM.2019.2900143.

[7] Z. Wang, J. Chen, G. Dong, and Y. Zhou, “Con-

strained independent component analysis and its appli-

cation to machine fault diagnosis,” Mech. Syst. Signal

Process., vol. 25, no. 7, pp. 2501–2512, Oct. 2011, doi:

10.1016/j.ymssp.2011.03.006.

[8] I. Guney, E. Kilic, O. Ozgonenel, M. Ulutas, and E. Ka-

radeniz, “Fault detection in induction motors with indepen-

dent component analysis (ICA),” in 2009 IEEE Bucharest

PowerTech, Bucharest: IEEE, Jun. 2009, pp. 1–4. doi:

10.1109/PTC.2009.5282251.

[9] A. Belouchrani, K. Abed-Meraim, J.-F. Cardoso, and

E. Moulines, “A blind source separation technique using

second-order statistics,” IEEE Trans. Signal Process., vol.

45, no. 2, pp. 434–444, Feb. 1997, doi: 10.1109/78.554307.

[10] R. Sun, C. Chan, J. H. Hsiao, and A. C. Tang, “Validation

of SOBI-DANS method for automatic identification of

horizontal and vertical eye movement components from

EEG,” Psychophysiology, vol. 58, no. 2, p. e13731, Feb.

2021, doi: 10.1111/psyp.13731.

[11] Y. Pan, M. Matilainen, S. Taskinen, and K. Nordhausen,

“A review of second-order blind identification methods,”

WIREs Comput. Stat., vol. 14, no. 4, Jul. 2022, doi:

10.1002/wics.1550.

[12] D. R. De Oliveira, M. A. A. Lima, L. R. M. Silva, D.

D. Ferreira, and C. A. Duque, “Second order blind iden-

tification algorithm with exact model order estimation for

harmonic and interharmonic decomposition with reduced

complexity,” Int. J. Electr. Power Energy Syst., vol. 125, p.

106415, Feb. 2021, doi: 10.1016/j.ijepes.2020.106415.

[13] Subana Shanmuganathan and Sandhya Samarasinghe,

Artificial Neural Network Modelling, vol. Volume

5
Authorized licensed use limited to: UNIVERSIDADE FEDERAL DE LAVRAS. Downloaded on August 28,2024 at 11:59:51 UTC from IEEE Xplore.  Restrictions apply. 



628. in Studies in Computational Intelligence”, no.

http://www.springer.com/series/7092, vol. Volume 628.

SpringerNature. [Online]. Available: DOI 10.1007/978-3-

319-28495-8

[14] M. A. M. Sadeeq and A. M. Abdulazeez, “Neural Net-

works Architectures Design, and Applications: A Review,”

in 2020 International Conference on Advanced Science and

Engineering (ICOASE), Duhok, Iraq: IEEE, Dec. 2020, pp.

199–204. doi: 10.1109/ICOASE51841.2020.9436582.

[15] Anjali P. Wadekar and Anjali U. Jawadekar, “Fault De-

tection Of Induction Motor Through The Analysis Of Stator

Current Data,” Int.J.Ind.Electron.Electr.Eng.,no.8,[Online].

Available:http : //pep.ijieee.org.in/journalpdf/11 −
392− 151703322731− 35.pdf

6
Authorized licensed use limited to: UNIVERSIDADE FEDERAL DE LAVRAS. Downloaded on August 28,2024 at 11:59:51 UTC from IEEE Xplore.  Restrictions apply. 



A Novel Algorithm for Discrimination 
of the Magnetizing Inrush Current 
and Internal Fault Current 
of a Transformer Using Teager Energy 
Operator and Artificial Neural Network 

Purushottam Ramesh Bharambe, Sudhir Ramdas Paraskar, 
Ravishankar Shaligram Kankale, and Saurabh Suresh Jadhao 

1 Introduction 

The transformer is very important components of today’s power system. Only 
because of availability of highly efficient transformer which changes the voltage level 
as per the requirement today’s power system becomes much efficient and economic. 
In order to ensure the secure and proper operation of a transformer as well as the 
power system, a quick and reliable protection scheme is required [1]. 

Power transformers are protected using the differential protection technique. In 
differential protection scheme of a transformer, the differential relay compares the 
transformer’s primary and secondary currents. Under normal operating condition, 
the magnitude of differential current is zero while a differential current exists when 
a transformer experiences an internal fault. As the differential current exists, then it 
will flow through the relay and the relay will generate the trip signal and operates 
circuit breakers on both primary and secondary side. In order to prevent the relay 
from tripping for through faults, the differential protection of the transformer uses a 
proportionate bias. The differential protection scheme of a transformer is shown in 
Fig. 1 [2].
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Fig. 1 Differential protection of transformer 

Due to CT saturation, turn ratio variations brought on by changing taps, or magne-
tizing inrush current, the differential current can occasionally become large even in 
the absence of an internal problem. Avoiding the false tripping of the relay as a 
result of faulty discrimination between the magnetizing inrush current and internal 
fault current is the main difficulty in the differential protection of the power trans-
former [3]. When compared to the transformer’s internal fault current, the magne-
tizing inrush current’s magnitude is large. For the purpose of differentiating between 
inrush and internal fault current of the transformer, a number of protection schemes 
have been developed and presented in the literature which includes harmonic restrain 
scheme, flux restrain scheme, voltage restrain scheme, pattern recognition scheme, 
and artificial intelligence-based scheme. These methods have several advantages and 
disadvantages [4]. 

In this paper, a new algorithm is suggested in order to differentiate the inrush 
current from internal fault current of the transformer. In this algorithm first, calcu-
late the Teager energy operator (TEO) of differential current and after comparing 
TEO with threshold value the occurrence of abnormality is detected. The statistical 
parameters are calculated from the differential current of the transformer as a feature. 

Then, the training and testing of the ANN classifier are done using the features 
extracted from differential current to separate the internal fault current from inrush 
current of the transformer.
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2 Teager Energy Operator (TEO) 

The signal x(t) = A cos(wct + ∅) TEO ψ[x(t)], is expressed as follows: 

ϕ[x(t)] = [  ̇x(t)]2 − x(t) ∗ ẍ(t) ∴= A2 w2 
c (1) 

The discrete form representation of Eq. (1) by using approximation 

ẋ[n] ≈ 
x[n] − x[n − 1] 

T 
, 

when the value of T is small, it can define as

 [x(n)] =  ([x(n)]2 − x(n − 1)x(n + 1))/T 2 , (2) 

where T becomes the sampling time period between two consecutive samples, x(n) 
and x(n + 1). In most of the cases assumption of T = 1 is acceptable, due to informa-
tion in discrete domain available after time interval T. Therefore, the discrete form 
representation of TEO

 [x(n)] = [x(n)]2 − x(n − 1)x(n + 1)] (3) 

Equation (3) gives the information about magnitude and frequency of the sinu-
soidal signal. It requires only three samples of the discrete-time signals. The ampli-
tude (A) of the  TEO  ψ[x[n]] of the signal and frequency of the signal ( c), is 
determined by using the separation method [2]. 

Let the signal with amplitude and frequency is denoted as x(n) = 
A cos( cn + ∅). Therefore the discrete-time TEO is given by the following: 

ψ[x(n)] = A2 sin2 ( c) (4) 

The TEO amplitude and frequency of the discrete TEO signal are determined by 
Eqs. (5) and (6), respectively. 

A = sqrt
 
ψ[x(n)] 

sin2 ( c)

 
(5)

 c = cos−1

 
1 − 

ϕ[x(n) − x(n − 1)] 
ϕ[x(n)]

 
(6) 

In this paper, the TEO is determined by using Eq. (5).
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3 Artificial Neural Network (ANN) 

The artificial neural network solves the problems that linear computers cannot as 
it operates in parallel. Pattern recognition and nonlinear system identification are 
the two common application of ANN where the formal analysis is either difficult or 
impossible. ANN consists of interconnection of simple elements working in parallel. 
The network’s operation is determined by the connection weights. It is considered as 
the most basic type of available forward network. Using the training function, an arti-
ficial neural network must first be configured after creation. The network’s elements 
are automatically modified to achieve a certain desired output for a particular input. 
Multiple layers are possible in a network. A weight matrix, a bias vector, and an output 
vector are present in each layer. Each neuron in a layer is directly connected to each 
neuron in the upper layer. The second class of feed-forward neural networks differs 
from the first by including one or more hidden layers, whose processing nodes are 
referred to as hidden neurons. The network’s ability to extract higher order functions 
is enabled by increasing the number of layers and neurons. A feed-forward neural 
network is a well-liked ANN modeling technique. In a feed-forward neural network, 
there is no cycle in the connections between the nodes, making it a specific kind of 
artificial neural network. In order to distinguish between inrush and internal fault 
current of a transformer, a feed-forward neural network is employed as a classifier 
in this research work [1]. 

4 Proposed Algorithms 

In this research work, the data required for the discrimination of the inrush current and 
internal fault current of a transformer is obtained from the experimental setup. This 
paper proposes two novel algorithms. In the first algorithm the differential current of 
a transformer is captured using the data acquisition system. This differential current 
is further used to calculate the TEO. The calculated value of TEO is compared 
with the threshold value (0.1). If the value of TEO exceeds the threshold then it 
indicates the occurrence of abnormality (inrush current or internal fault current). 
Once the abnormality is detected, the detection flag is set and statistical parameters 
such as standard deviation and variance are calculated as features from the differential 
current for the quarter cycle from that instant. A feature vector is created using the 
extracted features to train and test the ANN classifier [5]. The ANN classifier gives 
the decision about the class of abnormality. Figure 2 shows the flowchart of the 
proposed first algorithm. The detection of occurrence of abnormality is based on 
the TEO threshold. If the rating of the transformer is changed, then it is required to 
recalculate the threshold value of TEO. The rest of the algorithm remains same for 
discriminating the inrush and internal fault current of any transformer irrespective 
of its rating.
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Fig. 2 First algorithm to discriminate inrush current and internal fault current 

In the second algorithm, the differential current of a transformer is captured using 
the data acquisition system. This differential current is further used to calculate the 
TEO. The calculated value of TEO is compared with its threshold value (0.1). If 
the value of TEO exceeds the threshold, then it indicates the occurrence of abnor-
mality (inrush current or internal fault current). Once the abnormality is detected the 
detection flag is set. In this algorithm, the detection flag is set for the duration of 
abnormality. If the duration of the detection flag is greater than a quarter cycle, then 
it is internal fault current else it is inrush current. Figure 3 shows the flowchart of the 
proposed second algorithm [2]. The detection of occurrence of abnormality is based 
on the TEO threshold. If the rating of the transformer is changed then it is required to



410 P. R. Bharambe et al.

Fig. 3 Second algorithm to discriminate inrush current and internal fault current 

recalculate the threshold value of TEO. The rest of the algorithm remains same for 
discriminating the inrush and internal fault current of any transformer irrespective 
of its rating. 

5 Experimental Setup 

The experimental setup used in this research work consists of a single-phase isolation 
transformer of rating 2 kVA, 230 V/230 V, 50 Hz with one-to-one tapings on both sides 
of the transformer to create internal faults. During the experimentation, a resistive 
load is connected with the transformer. The Adlink data acquisition system is used to
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capture the differential current of a transformer with the sampling frequency of 1 kHz. 
The magnetizing inrush current of a transformer is captured at no-load condition and 
the internal fault current is captured under loading conditions by short-circuiting 
the few turns of transformer winding. A block diagram of the experimental setup is 
shown in Figs. 4 and 5 [2] shows the photograph of the experimental setup used for 
capturing the current signals of the transformer under different conditions. 

Fig. 4 Block diagram of experimental setup 

Fig. 5 Photograph of experimental setup developed in the laboratory
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6 Result and Discussion 

Step-1 Abnormality Detection Results 

Case A: Transformer Under Normal Loading Condition 

In the first case, the transformer is under normal loading conditions. The differential 
current corresponds to the normal loading condition is captured from the experi-
mental setup using the data acquisition system. This differential current is further 
analyzed in MATLAB to obtain the TEO value. The calculated TEO value is then 
compared with the threshold value (0.1). The TEO value is less than the threshold 
hence the detection flag is not set. This indicates that the transformer is under normal 
condition. The threshold value is set to 0.1 by analyzing the differential current 
under different loading, inrush, and internal fault conditions. Figure 6 shows the 
TEO analysis of differential current under normal loading condition [6]. 

Case B: Transformer under Energization Condition 

In this case, the transformer is under the energization condition. The differential 
current corresponding to the magnetizing inrush is captured from the experimental 
setup and further analyzed to calculate the TEO value. The TEO value and the 
threshold value are compared. If the TEO value exceeds the threshold value the 
detection flag is set which indicates the occurrence of an abnormal condition. The 
standard deviation (STD) and variance of the differential current are calculated for 
a quarter cycle from the instant of detection of abnormality. The feature vector is

Fig. 6 TEO analysis of differential current under normal loading condition 
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Fig. 7 TEO analysis of differential current under transformer energization condition 

created using these statistical parameters which are further used to train and test 
the ANN. Figure 7 shows a TEO analysis of differential current under transformer 
energization condition [7]. 

Case C: Transformer Under Internal Fault Condition 

In this case, the transformer is under the internal fault condition. The differential 
current corresponding to the internal fault is captured from the experimental setup 
and further analyzed to calculate the TEO value. The TEO value and the threshold 
value are compared and if the TEO value exceeds the threshold then the detection 
flag is set. This indicates the occurrence of an abnormal condition. The detection flag 
remains high till the fault persists. The standard deviation (STD) and variance of the 
differential current are calculated for a quarter cycle from the instant of detection of 
abnormality. The feature vector is created using these statistical parameters which 
are further utilized to train and test the ANN. Figure 8 [2] shows a TEO analysis of 
differential current under internal fault conditions [8].

Case D: Transformer Energization Followed by Internal Fault Condition 

In this case, the transformer is initially under energization condition and followed 
by the internal fault condition. The differential current corresponds to the inrush 
and internal fault is captured from the experimental setup and further analyzed to 
calculate the TEO value. The TEO value is compared with the threshold value, as 
the TEO value exceeds the threshold value the detection flag is set. This indicates 
the occurrence of an abnormal condition. The detection flag is set under both inrush 
and internal fault conditions. The standard deviation (STD) and variance of the
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Fig. 8 TEO analysis of differential current during internal fault

differential current are calculated for a quarter cycle from the instant of detection of 
abnormality. The feature vector is created using these statistical parameters which 
are further utilized to train and test the ANN. Figure 9 shows a TEO analysis of 
differential current under internal fault conditions [7].

Step-2 Statistical Parameter Results 

The standard deviation and variance of differential current are calculated for a quarter 
when an abnormal condition occurs as a feature. A feature vector is created using 
the values of standard deviation and variance for several cases of inrush and internal 
fault. Figure 10 shows the bar graph of standard deviation under inrush and internal 
fault conditions and Fig. 11 shows the bar graph of variance under inrush and internal 
fault conditions [9].

Step-3 Discrimination Results of First Proposed Algorithm 

In the first algorithm, a transformer’s inrush and internal fault current are distin-
guished using a TEO along with ANN. In this algorithm, the feature vector is created 
using the extracted features which are further used to train and test the ANN classifier. 
In this research work, we have used the feed-forward neural network for discrimina-
tion [8]. Figure 12 shows the pattern recognition neural network model. The detail 
architecture of ANN classifier is shown in Table 1.
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Fig. 9 TEO analysis of differential current during transformer energization and internal fault

Fig. 10 Standard deviation value of differential current
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Fig. 11 Variance value of differential current

Fig. 12 Pattern recognition neural network 

Table 1 Architecture of ANN classifier 

Particulars Number/percentage 

Number of inputs 2 

Number of outputs 2 

Number of hidden layers 2 

Training ratio 90% 

Testing ratio 10% 

Maximum number of epochs 500



A Novel Algorithm for Discrimination of the Magnetizing Inrush … 417

The dataset required to train and test the ANN classifier is created using the 
extracted features. This dataset consists of total 30 test cases (15 cases of inrush and 
15 cases of internal fault condition). In total, 90% of the dataset is used for training 
in the ANN algorithm, while the remaining 10% is used for testing. The results of 
ANN classifier are obtained in the form of confusion matrix. The diagonal elements 
of the confusion matrix show truly classified data and the non-diagonal elements 
shows misclassified data. The confusion matrix corresponds to the training shows 
100% accuracy and the confusion matrix corresponds to testing also shows 100% 
accuracy. The overall confusion matrix shows that the proposed ANN algorithm 
discriminates the inrush and internal fault current accurately [10]. Figure 13 shows 
the training confusion matrix, Fig. 14 shows the testing confusion matrix and Fig. 15 
shows the overall confusion matrix. 

Discrimination Results of Second Proposed Algorithm 

In the second algorithm proposed in this research paper after the detection of abnor-
mality in differential current, the detection flag is set. In case of inrush current, the 
detection, flag is set only for the instance of peaks in differential current while the 
detection flag remains high till the duration of internal fault current. In order to 
discriminate between the inrush current and internal fault currents of a transformer,

Fig. 13 Training confusion matrix
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Fig. 14 Testing confusion matrix

the duration of the flag is compared with the quarter cycle duration. If the duration of 
the flag is less than the quarter cycle duration, then it is inrush current Fig. 16 shows 
this result in which the message box displays the name of event and corresponding 
action. In case of inrush, there will be no action. If the duration of the flag is greater 
than the quarter cycle duration, then it is an internal fault current [11]. Figure 17 
shows this result in which the message box displays the name of event and corre-
sponding action. In case of internal fault, a trip signal will be generated to trip the 
circuit breaker.
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Fig. 15 All confusion matrix

Fig. 16 Results of second algorithm corresponds to inrush current 

Fig. 17 Results of second algorithm corresponds to internal fault current
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7 Conclusion 

This section summarizes the work presented in this research paper. This paper 
proposes two novel algorithms to discriminate the inrush and internal fault current of 
a transformer. In the first algorithm, the unique combination of TEO-based threshold 
and ANN is proposed, this combination is found suitable to discrimination. In this 
algorithm three consecutive samples are used to detect the abnormality and quarter 
cycle of differential current is used for feature extraction. The computational time 
required for the execution of this algorithm is less and it is less complex. Hence, the 
implementation of this algorithm is easy and simple. The ANN classifier implemented 
with this algorithm gives 100% training and testing accuracy. 

In the second algorithm, the duration of detection flag is used to discriminate 
between inrush and internal fault current of the transformer. Various cases of inrush 
and internal fault current are tested using this algorithm. It is observed that the 
proposed algorithm can reliably and truthfully differentiate between the inrush and 
internal fault current of the transformer under different cases. For discrete and 
finite length signals, the DFT is appropriate while the length of signals used in 
this study may have longer length. The implementation of DFT-based algorithm is 
more complex than TEO based algorithm. The computational time and complexity 
of DFT-based approach is more as compare to proposed approach. The algorithms 
proposed in this research work are tested using the experimental data and found effi-
cient. This work can further be extended for discriminating the inrush and internal 
fault current of a transformer in real-time. 
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Development of Wavelet and ANN-Based 
Algorithm in LabVIEW Environment 
for Classifying the Power Quality 
Disturbances 

Ravishankar Shaligram Kankale, Sudhir Ramdas Paraskar, 
and Saurabh Sureshrao Jadhao 

1 Introduction 

In the era of the industry 4.0 revolution, the technologies are changing rapidly. In 
today’s world, factories are becoming smart due to the collaboration of technologies 
like artificial intelligence, smart automation, robotics, IoT, and cloud computing. 
In industry 4.0 everything is becoming smart. The architecture of this smart and 
digital industry comprises various sensors and hardware components. Everywhere 
we see automation most of the manual processes are nowadays replaced with smart 
automation. In this digital revolution, the energy demand is increasing at a significant 
rate. The technologies used in this revolution need good quality and reliable power 
supply for their operation. 

In the emerging power system, Distributed Generation Systems based on renew-
able energy sources are employed in order to meet the ever-increasing power demand 
[1]. The Grid-connected solar photovoltaic systems and wind energy systems are the 
most commonly used DGs. The renewable energy resources-based DGs consist of 
power electronic devices such as converters and inverters [1]. The energy-efficient 
devices used nowadays also consist of power electric components. These power elec-
tronic components along with the conventional causes may lead to various power 
quality disturbances. These disturbances may cause maloperation or nuisance trip-
ping of customers’ sensitive loads which lead to heavy loss [2]. Hence, there is a 
necessity to develop a reliable and efficient power quality monitoring system. The 
power quality monitoring system must be simple and fast in operation [3]. It must 
accurately detect and classify the PQDs. 

Many researchers have proposed a variety of power quality disturbance detection 
and classification techniques in the literature. In this research work, we have used
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the PQDs generated by utilizing the integral mathematical models of PQDs. The 
researchers have suggested different signal processing techniques for the analysis of 
PQDS. The PQD voltage signals are non-stationary in nature [1]. A signal whose 
frequency and magnitude change with respect to time is called a non-stationary 
signal. The statistical properties of such signals change with respect to time [4]. In 
the literature, people have proposed many signal processing techniques for analyzing 
the non-stationary signals related to PQDs. Wavelet transform-based multiresolution 
analysis is the simplest, reliable, and robust technique used in the study of non-
stationary signals [5]. In this paper, we have used wavelet transform for the analysis of 
non-stationary signals corresponding to the PODs under study. The time–frequency 
localization obtained by the wavelet analysis is used for the feature extraction. As 
the statistical properties of non-stationary signals differ with respect to time, we 
have calculated the statistical parameters as a feature from the wavelet analysis. 
These features are then utilized for training and testing the artificial intelligence 
technique-based classifier. In the literature, various artificial intelligence-based soft 
computing techniques have been proposed. All techniques have some advantages 
and limitations. 

2 Power Quality Disturbances 

In the last three-four decades, Power Quality is the most often used keyword in the 
power sector. Both electric utilities and end users place more and more emphasis on 
the quality of the power they get. The term PQ is defined as “Any power problem 
which leads to the deviations in voltage, current, or frequency and results in failure 
or maloperation of end-users equipment” [6]. In electrical power system numbers of 
PQDs occurs, in this paper, we have considered the following commonly occurring 
PQDs. 

2.1 Voltage Sag 

A voltage sag is defined as a drop in root mean square (RMS) value of voltage 
between 0.1 and 0.9 pu at the rated frequency over periods ranging from 0.5 cycle to 
1 min. The most frequent causes of voltage sag are switching a heavy load, turning on 
large induction motors, power system faults, and transformer energization. Voltage 
sag typically results in the malfunction or improper operation of end user equipment.
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2.2 Voltage Swell 

A voltage swell is defined as a rise in root mean square value of voltage between 1.1 
and 1.8 pu at the rated frequency over a period of time between 0.5 cycle and 1 min. 
The most frequent causes of voltage swell are switching OFF of heavy load, faults in 
the distribution system, and energizing of large capacitor banks. Voltage swell can 
damage electronics and other sensitive equipment. 

2.3 Voltage Interruption 

A voltage interruption is defined as a dip in RMS value of voltage below 0.1 pu 
during a time frame shorter than a minute. The most frequent causes of voltage inter-
ruption are equipment failure, power system faults, insulation failure, and flashover 
of insulators. Therefore, a voltage interruption may result in damage as well as the 
full shutdown of equipment. 

3 Discrete Wavelet Transform 

The Discrete Wavelet Transform is one of the efficient tools used for time–frequency 
localization of signals. In the DWT analysis the input signal is divided into a number 
of sets. A discrete wavelet transform (DWT) divides an input signal into a number of 
sets. Each set includes a time series coefficient that displays the frequency band and 
signal variations over time. In this research work we have used Daubechies wavelet 
(db4) which is the most commonly used discrete wavelet transform used for the 
analysis of non-stationary signals corresponding to PQDs. The db4 wavelet has four 
scaling and wavelet functions coefficients. The DWT is defined as: 

Wϕ( j0, k) = 
1 √
M

∑

x 

f (x)ϕ j0,k(x) (1) 

W�( j, k) = 1 √
M

∑

k 

f (x)� j,k(x) (2) 

A scaling function ϕ(x) is used to derive ϕ j0,k(x) by translation and scaling using: 

ϕ j0,k(x) = 2 j/2 ϕ
(
2 j x − k

)
(3) 

A wavelet function �(x) is used to derive � j,k(x) by translation and scaling 
using:
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� j,k(x) = 2 j/2�
(
2 j x − k

)
(4) 

The DWT can be modeled using a filtering method that uses a low-pass filter hϕ 
and a high-pass filter h� , respectively. The approximate and the detail coefficients 
are computed using: 

W�( j, k) = h�(−n) ∗ W�( j + 1, n)|n=2k,k≥0 (5) 

Wϕ( j, k) = hϕ(−n) ∗ Wϕ( j + 1, n)|n=2k,k≥0 (6) 

The filter bank can be iterated to perform multiresolution analysis. 

4 Artificial Neural Network (ANN) 

A network built with artificial neurons is known as an artificial neural network. These 
neurons are linked in the same manner in which biological neurons are connected. An 
adaptive system that can alter its behavior in reaction to data entering and leaving the 
network can be built using a neural network. Applications like the classification of 
data and pattern recognition can be done using an ANN. In this research work, we have 
used a back propagation neural network algorithm for classification of voltage sag, 
swell, and interruption. A neural network can be trained using a training algorithm, 
which is a collection of learning strategies. The dataset input to the algorithm is 
utilized to train, validate, and test the classifier. When the error value is small enough, 
the training process will be finished. After the training process is finished, a trained 
network will be created. This trained network is validated and tested using the samples 
from the same dataset or new samples. The accuracy of the algorithm depends on 
the number of properly classified data samples. 

5 Proposed Methodology 

A wavelet and ANN-based method for classifying PQDs is suggested by this study. 
The LabVIEW software is used to implement the algorithm. The steps involved in the 
implementation of the proposed algorithm developed in LabVIEW are represented in 
the form of flowchart in Fig. 1. In this algorithm the voltage signals corresponding to 
three PQDs namely the sag, swell, and interruption are created utilizing the integral 
mathematical models of PQDs using Math script tool in the LabVIEW. The signals 
are recorded at a sampling rate of 10 kHz and analyzed using the wavelet transform. 
In wavelet analysis, we have used db4 wavelet for decomposing the voltage signal 
up to 6th level. The statistical parameters namely max, mean, median, variance, SD, 
kurtosis, energy, and skewness are calculated as features form the detailed coefficients



Development of Wavelet and ANN-Based Algorithm in LabVIEW … 435

Fig. 1 Flowchart of 
proposed algorithm 
implemented in LabVIEW 

of level 5 and 6. The dataset needed to train and to test the ANN classifier is created 
using these extracted features. Testing is done to identify the class of PQD after the 
ANN classifier has been trained using the extracted features. 

6 Results and Discussion 

6.1 Generation of PQDs 

In this research work, the parametric equations of PQDs are implemented in the 
LabVIEW environment using the Math script tool to produce the data needed for 
Wavelet analysis [7] which is shown in Fig. 2.

The voltage signal with a 50% sag, i.e., 0.5 pu rms value for 0.08 s generated in 
the LabVIEW environment using the parametric equation of voltage sag is shown in 
Fig. 3. The duration of the signal is 0.2 s and the sampling rate is 10 kHz. To obtain 
the number of samples required to generate the dataset, the percentage and instant 
of sag is varied.

The voltage signal with a 50% swell, i.e., 0.5 pu rms value for 0.08 s generated in 
the LabVIEW environment using the parametric equation of voltage swell is shown 
in Fig. 4. The duration of the signal is 0.2 s and the sampling rate is 10 kHz. To obtain
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Fig. 2 Generation of PQDs using LabVIEW

Fig. 3 Waveform of voltage signal with 50% sag
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the number of samples required to generate the dataset, the percentage and instant 
of swell is varied. 

The voltage signal with an interruption for 0.08 s generated in the LabVIEW 
environment using the parametric equation of voltage interruption is shown in Fig. 5. 
The duration of the signal is 0.2 s and the sampling rate is 10 kHz. To obtain the 
number of samples required to generate the dataset, the instant of interruption is 
varied. 

Fig. 4 Waveform of voltage signal with 50% swell 

Fig. 5 Waveform of voltage signal with interruption
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6.2 Wavelet Analysis Results 

In the LabVIEW environment, a block diagram is created to process the voltage 
signals related to three PQDs using the Wavelet Transform as a signal processing 
tool. In the wavelet analysis, we have decomposed the voltage signal up to 6th level 
using db4 wavelet. Figure 6 shows the block diagram for wavelet analysis of voltage 
signals developed in LabVIEW. 

Figure 7 shows the waveform of detailed coefficients of the 6th level obtained in 
the LabVIEW environment from the wavelet analysis of the voltage signal with sag.

Figure 8 shows the waveform of detailed coefficients of the 6th level obtained 
in the LabVIEW environment from the wavelet analysis of the voltage signal with 
swell.

Figure 9 shows the waveform of detailed coefficients of the 6th level obtained 
in the LabVIEW environment from the wavelet analysis of the voltage signal with 
interruption.

Fig. 6 Wavelet analysis block diagram developed in LabVIEW 
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Fig. 7 Waveform of D6 level for voltage sag

Fig. 8 Waveform of D6 level for voltage swell

Fig. 9 Waveform of D6 level for voltage interruption
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Fig. 10 Feature extraction block diagram developed in LabVIEW 

6.3 Feature Extraction 

The statistical parameters namely max value, mean value, median, variance, SD, 
skewness, energy, and, kurtosis are calculated from the detailed coefficients of 5th 
and 6th level for feature extraction. These extracted features are used to build the 
dataset needed to train and test the ANN classifier. Figure 10 shows the block diagram 
developed in LabVIEW for feature extraction. 

6.4 ANN Classifier Architecture 

In this research work, the back propagation algorithm is employed as an ANN classi-
fier. In the ANN algorithm, we have evaluated the performance of the proposed ANN 
classifier using different combinations of extracted features, i.e., the variation in the 
number of inputs and training and testing ratios. Also, we have used the features 
extracted from detailed coefficient of 5th level. In this different combination, we 
got the most accurate results for the architecture shown in Table 1 and the pattern 
recognition neural network shown in Fig. 11. 

Table 1 Architecture of 
ANN classifier Particulars Number 

Number of inputs 8 

Number of outputs 3 

Number of hidden layers 1 

Training ratio 80/100 

Testing ratio 20/100 

Maximum number of epochs 500 

Network training function ‘trainlm’
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Fig. 11 Pattern recognition neural network 

6.5 ANN Training Results 

The dataset required to train and test the ANN consists of 63 samples (27 of sag, 27 
of swell, and 9 of interruption). The 80% dataset, i.e., 50 samples are used to train 
the ANN. In Fig. 12, the outcomes of the ANN training are shown as a confusion 
matrix. From the confusion matrix it is seen that the training accuracy is found to 
be 100%. In the confusion matrix, the column displays the predicted class, while 
the rows represent the true class and the diagonal elements show correctly classified 
samples while the non-diagonal elements show incorrectly classified samples. The 
figure shows the training confusion matrix obtained by training the classifier using 
the features extracted from the detailed coefficients of the 6th level. 

Fig. 12 Training confusion 
matrix
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Fig. 13 Testing confusion 
matrix 

6.6 ANN Testing Results 

In the testing phase of the ANN 20% dataset, i.e., 13 samples are used. Figure 13 
shows the outcomes of the ANN testing as a confusion matrix. From the confusion 
matrix it is seen that the testing accuracy is found to be 100%. The figure shows the 
testing confusion matrix obtained by testing the classifier using the features extracted 
from the detailed coefficients of the 6th level. 

7 Conclusion 

This paper presents a unique combination of wavelet transform and artificial neural 
network for the classification of PQDs. This paper mainly focuses on the develop-
ment of PQDs classification algorithm in the LabVIEW environment. The wavelet 
transform is used as a signal processing tool for extracting the features required for 
discriminating the three power quality disturbances namely the voltage sag, swell, 
and interruption. WT is found to be more appropriate tool used for analyzing the 
non-stationary signals. The eight features extracted from wavelet analysis are found 
to be appropriate and sufficient to classify the PQDs with high accuracy. The results 
of the proposed algorithm are verified for different combinations of the input dataset. 
The training and testing accuracy for the ANN architecture discussed in the result 
section is found to be 100% for the dataset created using the features extracted 
from the detailed coefficients of the 6th level. We can infer from the results of this 
research that the proposed algorithm classifies PQDs accurately. The power quality 
monitoring system might be enhanced if these techniques are widely used. The work 
presented in this paper will be further extended to classify the PQDs in real time.
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Enhancing Performance of Hybrid 
Electric Vehicle Using Optimized Energy 
Management Methodology 

Mahendra Bagde , Anjali Jawdekar , and Kunal Sawalakhe 

1 Introduction 

The three most important and well-known engineering topics are freshwater, elec-
tricity, and the atmosphere because of their interdependence. Key issues that have 
been addressed include resource limitations and global warming [1]. Most fossil fuels 
used in transportation result in greenhouse gas emissions. Several attempts have been 
made in this field to increase the need for fuel cells (FCs) as a sustainable source of 
electrical energy that produces no greenhouse gases in transportation applications 
[2]. Fuel cells are a clean source of fuel for transportation and contribute to environ-
mental protection when used in electric cars, trains, airplanes, etc. [3]. New energy 
conversion technologies such as fuel cells outperform conventional devices in many 
ways, including great energy efficiency, small size, environmental safety, long life, 
and many others. Because of its high power generation density and low heat genera-
tion—both essential in transportation applications—the proton exchange membrane 
fuel cell (PEMFC) appears to be the most suitable form for use in automotive appli-
cations. The limited dynamic response of fuel cells is their main disadvantage in 
transport applications. This means that the fuel cell is unable to respond adequately 
to sudden load changes because it lags behind the load changes. 

As a result, the battery storage and ultracapacitor (UC) should be connected to the 
fuel cell [4], while the battery storage has high power density, having disadvantages, 
including low energy capacity, long charging time, short life, and high price. The 
most effective method to address these concerns is to use a hybrid FC/B/UC network. 
Hybrid sources can take advantage of their special qualities with this combination. 
The ultracapacitor provides short bursts of peak power, while the battery is used as 
an energy buffer. A power management scheme (PMS) is needed to achieve some 
hybridization and the main aim of spreading load demands across power sources.
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PMS successfully maintains hydrogen consumption and improves energy efficiency 
by limiting fuel cell output to wider operating levels. A set of traditional PMS [5] 
has been implemented to manage the system load between these input sources. 

They are Equivalent Consumption Minimization Scheme (ECMS), Fuzzy Logic 
Control (FLC), External Energy Minimization Scheme (EEMS), PI Control, State 
Machine Control (SMC), and Equivalent Consumption Minimization Scheme. 
Several other contemporary optimization-based techniques have also been devel-
oped. The battery bank, fuel cell, and ultracapacitors are included in the state machine 
control (SMC) power management technique that Wang et al. proposed in [6]. The 
authors of [7] implemented power management using the proportional integral (PI) 
technique to control the energy flowing between photovoltaics (PV), fuel cells (FC), 
batteries, and supercapacitors (SC). In [8], a rule-based energy management strategy 
was used to operate a hybrid device with B/SC/FC in many operating modes. Jiang 
et al. in Ref. [9] proposed a dynamic programming (DP) strategy to reduce the amount 
of hydrogen used in a hybrid power system that uses a fuel battery, cell, and super-
capacitor to power the drivetrain. For the purpose of powering an electric car, Kamel 
et al. [10] devised a unique consumption control technique using rule-based fuzzy 
logic control with a number of multi-input sources, i.e., initially the input sources 
consist of B/FC and later input sources combination of FC/SC/B. 

The authors present in [11] an adaptive neuro-fuzzy inference system (ANFIS) 
for efficient power management between FC and battery, which is often used to 
power electric vehicles (EV). To improve the output power in an electric car using 
neural networks, a power management technique with two sections—wavelet-based 
and radial-based solutions—was developed in [12]. In order to control the power 
between FC, B, SC, and EV, the authors developed a new power control mechanism 
that focuses on wavelet transform techniques. By Djerioui et al., the gray wolf opti-
mizer (GWO) was created. A hybrid power system for electric vehicle applications 
considers FC/B/UC [13]. For parallel HEVs, an FLC-based method was designed to 
optimize the SoC, improve fuel efficiency, reduce nitrogen dioxide emissions, and 
guarantee better drivability. An FLC-based Intelligent Energy Management Agent 
(IEMA) was created to distribute energy among available resources. Energy require-
ments, vehicle speed, SoC, and FLC were constructed in [14] to improve system 
performance. 

Colvin [15] presents a number of power management options for FC-powered 
EVs. Bison suggested a new optimization strategy based on a two-dimensional mech-
anism of the fuel efficiency of hybrid vehicles. Zhang et al. [16] used wavelet trans-
form and fuzzy logic methodologies to improve the energy management of hybrid 
trams. The main goal of the project is the development of an ideal EMS to reduce 
hydrogen consumption and loss of FC functionality. All optimization problems are 
not fully solved by any of the different algorithms. This is consistent with the No 
Free Lunch Scientific Theory, which is explored in [17], and shows that there is a real 
need for new optimization techniques in the study of EV power management. One 
important problem that could be solved is the measurement of hydrogen consump-
tion using a hybrid DC bus energy storage system. In addition, it combines each 
DC/DC converter into a single device. In this research paper, an innovative hybrid
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Fig. 1 Conventional diagram of hybrid E-vehicle 

power management system that incorporates ANFIS and serves as an adaptive control 
system is used. This control system is modeled using MATLAB software to control 
hydrogen consumption in the FC and to keep the battery level (percentage of SoC) 
as high as possible in terms of life cycle costs and maintenance. With FC/B/UC 
and PMS settings, a hybrid power control scheme is proposed to improve the fuel 
economy of a hybrid electric vehicle, as shown in Fig. 1. 

The essay is structured as follows. The literature review was described in Sect. 2 
in relation to several problem statements. The proposed power management strategy 
(PMS) approach is presented in Sect. 3. The analysis of the comparative findings 
and the proposed technique are presented in Sect. 4. The primary findings that were 
derived from conducting this proposed work are presented in Sect. 5 as a final point. 

2 Literature Survey 

MATLAB/Simulink was used to model fuel cell, ultracapacitor fuel cell, and ultraca-
pacitor fuel cell vehicles. Modeling features were included when they significantly 
affected the optimization goals (e.g., in accurate modeling of DC/DC converters) and 
excluded otherwise to achieve a good trade-off between accuracy and runtime (e.g., 
in simplified motor modeling). Based on efficiency, weight, and cost, the optimal 
powertrain topologies for use in this paper were selected through qualitative anal-
ysis. Selected powertrain topologies are shown in Fig. 1. All three vehicle types use a 
DC/DC converter to step up the fuel cell output voltage to match the motor controller 
input voltage (250–400 V is a common range [18]). This design allows the use of a 
smaller and therefore cheaper fuel cell, as the output voltage of the fuel cell can be 
lower than 250 V. The number of battery or ultracapacitor cells that can be connected 
in series with the ESS is limited because it is directly connected to the high-voltage 
bus (with the exception of the vehicle battery fuel cell-battery-ultracapacitor). This
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limitation is acceptable because using a different DC/DC converter for the ESS would 
increase the weight and cost of the car and reduce the efficiency of the system. 

2.1 Batteries 

Due to their better power and energy density, lithium-ion batteries are currently 
widely considered to be the best option for energy storage in electric vehicles over 
lead-acid or nickel-metal hydride batteries [6]. The basis of the battery model used 
in this work is the high-performance lithium-ion cell ANR26650MI from A123 
Systems. This paper exhibits great power density, high efficiency, and low cost 
compared to batteries used in earlier vehicle studies [19, 20]. The total resistance 
and the %V—SOC curves are determined by two variables, the number of cells in 
series and in parallel (batt s and batt p). The %V—SOC curve is a function of the 
percentage of peak voltage, as in the fuel cell model, allowing it to be applied to 
different serial numbers of cells. Estimates put Colombian efficiency at 95% [21]. 

The battery voltage is multiplied by the measured battery current. In order to add 
the energy entering or leaving the battery to the initial energy in the battery, this energy 
is integrated and then converted from joules to kilowatt hours (in kilowatt hours). 
The SOC of the battery in percent is then calculated by dividing the current energy 
output of the battery by its total capacity. This %SOC is converted to voltage using a 
lookup table based on the information for the ANR26650MI cell [22]. Since the bus 
voltage rating for the ESS battery is 346.5 V at 3.3 V per cell, the number of battery 
cells in series is fixed at 105 (with room to charge and discharge without exceeding 
the motor controller voltage limits). The battery voltage is chosen to be lower than 
the bus voltage for the battery-ultracapacitor ESS, which uses a two-quadrant DC/ 
DC converter between the battery and the high-voltage bus. The maximum number 
of battery cells in series is 75, which allows the ultracapacitor bank to dissipate at 
250 V. The weight of each cell is 70 g. The final weight per cell is 123 g after adding 
53 g for packaging and cell balance. $110 was quoted as the price for six articles [23]. 
It is estimated that the price may drop as low as $100 for higher volume production. A 
final $15 is added to each group of six cells for cell packing and balancing. Therefore, 
each cell is expected to cost $19.15. The maximum current allowed is 70 A and the 
price per kilowatt is expected to be $82.90/kW. 

2.2 Fuel Cell Model 

In order to vary the voltage of the fuel cell and battery independently of the voltage of 
the ultracapacitor, DC/DC converters coupled to the fuel cell and battery are essential 
components of the powertrain. If isolation is not required, as assumed in this paper, 
and if the voltage gain is not excessive, as in this paper, a non-isolated DC/DC



Enhancing Performance of Hybrid Electric Vehicle Using Optimized … 615

converter is suitable for use in fuel cell automobiles [24]. As a result, the fuel cell-
battery-ultracapacitor vehicle uses a straight-line bidirectional converter (see Fig. 5) 
that connects the battery to the high-voltage bus, and all other types of vehicles use 
a straight-line unidirectional boost converter (the converter in Fig. 5 with switch 
S1 removed for ensuring unidirectional energy flow). This article uses basic hard-
switching converter models to simplify modeling and avoid the in-depth topic of 
comparing different soft-switching methods based on efficiency, complexity, ease of 
control, weight, and cost. It is common practice to use interleaved and/or softswitch 
[25] converters at these high power levels. 

Since the losses of the dynamic converter will impact the overall fuel consumption 
of the car [26] and because a high-performance converter can increase the volume and 
cost of the motor, it is essential to use a precise DC/DC converter. For example, when 
determining the true benefit of using a smaller fuel cell or battery, it is important to 
consider how much lighter and less expensive the accompanying DC/DC converter 
will be. 

2.3 Ultracapacitor Vehicle 

In a car using an ultracapacitor, the ultracapacitor stores energy from regenerative 
braking and offers additional power during acceleration. The energy storage capacity 
of the ultracapacitor is usually insufficient for vehicle movement at low speeds. 
Therefore, the control approach must guarantee that the energy storage capacity will 
be used as efficiently as possible. Mirjalili [27] examines three approaches and shows 
that optimal fuel efficiency is achieved by keeping the sum of the vehicle’s kinetic 
energy and the energy stored in the ultracapacitor constant. This makes intuitive sense 
because the ultracapacitor will have enough room to absorb regenerative braking 
energy when the vehicle is braking, when its speed is high and its voltage is low. 
The low-pass coefficient is again chosen as the controller variable. The power supply 
of the fuel cell and the EZS are separated from the necessary electrical energy by 
means of a filter. All ESS (transient) power is supplied by the ultracapacitor within 
its current and voltage limitations. The battery supplies the remaining energy needed 
in case the voltage of the ultracapacitor drops below its lower limit (250 V). If the 
fuel cell is unable to provide electricity, or if the current consumption of the fuel cell 
is less than 7.55%, the battery supplies additional energy. 

3 Proposed Hybrid Power Management System 

A hybrid energy storage system (HESS) consists of a supercapacitor, Li-ion batteries, 
and a PEMFC. To ensure that the load has sufficient reliable power, these three 
sources are often considered FCHEVs. Figure 1 shows the hybrid system analysis 
configuration. The three power sources in this system are the capacitors, the fuel
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Fig. 2 Proposed hybrid power management system 

cell, and the rechargeable battery. The fuel cell is equipped with a DC/DC boost 
converter that rises its voltage level to the expected level and maintains it at the 
outputs. A DC/DC bidirectional power supply device that converts variable power 
into a fixed voltage is found in batteries. Supercapacitors have been included in 
bidirectional converters that allow energy to be exchanged in both directions, similar 
to some other capacitors (Fig. 2). 

3.1 Fuel Cell 

Various fuel cell technologies exist, and they are divided into groups based on the 
electrolytes they use. Proton exchange membrane fuel cells (PEMFC) are a different 
kind of fuel cell that are frequently utilized in automotive applications. There are 
a number of novel fuel cell prototypes, each having a unique set of advantages 
and disadvantages depending on the subject being viewed. Additionally, this study 
proposes a straightforward electrochemical model that might be utilized to predict 
how such a fuel cell will behave under both dynamic and static circumstances [28]. 
The relationship between the fuel cell voltage level and the absolute pressures of 
hydrogen, water, and oxygen is the basis for the hydrogen fuel design used in this 
work. Table 1 provides an illustration of the fuel cell stack’s specs. The relative 
pressures of oxygen and hydrogen, the temperature at which the membrane hydrates 
chemically, and the output current all affect the fuel cell’s voltage. Below is the 
mathematical model. 

VFC = ENernst − Vact − Vohmic − Vcon (1)
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Table 1 Fuel cell 
specifications Fuel cell model (input parameters) Specifications 

Voltage 53.5 V 

No. of fuel cell 65 

Operating temperature 43 °C 

Nominal efficiency of the fuel stack 55% 

Response time of fuel cell voltage 1 s  

Voltage undershoot 2 V  

where ENernst represents the mean value of thermodynamic potential in every single 
cell unit. 

Here, 

Vact = Activation voltage drop, 
Vohmic = Ohmic voltage drop, 

Vcon = Concentration voltage drop. 
Hence, for N number of cells connected in series, the stack voltage Vstack is 

described as 

Vstack = N · VFC (2) 

3.2 Supercapacitors 

One of the most recent developments in power storage technology, particularly for 
integrated devices, is the use of supercapacitors. In this configuration, a series resis-
tance (Rsc) comparable to a capacitance (Csc) is connected. In Table 2, the  UC’s  
specifications are displayed. The supercapacitor voltage (V sc), which results from 
the SC current (Isc), is calculated using the formula [29]. 

Vsc = V1 − Rsc × Isc = Qsc 

Ssc 
− Rsc × Isc. (3)

An electric vehicle that uses supercapacitors as its storage system must be built 
with a set of cells where N S cells are connected in series and N P cells are connected 
in parallel.
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Table 2 Supercapacitor 
specifications Supercapacitor model (input parameters) Specifications 

Surge voltage 306 V 

Capacitor number in series 6 

Capacitor counts in parallel 1 

Rated voltage 290 V 

Rated capacitance 14.5 F 

Operating temperature 24 °C

Table 3 Li-ion battery 
specifications Battery model (input parameters) Specifications 

Minimal voltage 48 V 

Determined capacity 40 Ah 

Esteemed capacity 40 Ah 

Nominal voltage capacity 35.15 Ah 

Response time of battery voltage 29 s 

Fully charged voltage 55.77 V 

3.3 Battery 

A tiny controlled power supply is built into the battery in series with a fixed resistance 
like this [20]. Table 3 lists the requirements for Li-ion batteries. The battery voltage 
V bat is specified in Eq. (1). 

Vbat = E − Rbat · Ibat (4) 

3.4 Adaptive Network-Based Fuzzy Interface System 
(ANFIS) 

Power management techniques have emerged to support industrial work, such as 
fuzzy approaches, which are more used in systems control, by automating the 
learning experience. ANFIS is a key method that combines rule-based fuzzy logic 
control methodology and artificial neural network (ANN) learning ability to develop 
a complete set of all different kinds of feed-forward neural networks using supervised 
learning functions [31]. The ANFIS strategy is used as a hybrid training procedure 
based on relevant data, input/output, and coupling factors. 

The architecture is shown in Fig. 3 as having only one hidden layer. The input 
node is represented by layer 1, the fuzzification nodes are in layer 2, the result nodes 
(hidden) are in layer 3, the defuzzification nodes are in layer 4, and the output node



Enhancing Performance of Hybrid Electric Vehicle Using Optimized … 619

Fig. 3 ANFIS five layer structure 

is represented by layer 5 []. A node can also be updated, at which point it will be 
divided into dynamic and static categories. Layers 2 and 4 are examples of dynamic 
nodes, while layers 1 and 3 are examples of stable nodes. The Li-ion battery SoC 
with three membership functions (MF) and the vehicle energy load represented by 
Pload are both used as inputs of the ANFIS control technique to predict the output 
power of the fuel cell [31]. The predicted proportional benefit from the PEMFC level 
is the result of ANFIS. ANFIS uses proportional variables to quickly measure and 
change standards. 

4 Results and Discussion 

The performance of EV driving just with the battery, fuel cell, and supercapacitor has 
been compared with the performance of EV driving in order to assess the efficacy 
of the proposed ANFIS energy management method (Figs. 4, 5, 6). The primary 
simulation parameters are listed in Table 4.

Moreover, the most successful offline global optimization method, dynamic 
programming, was compared with the proposed EMS for an online driving cycle in 
this study. The priority and effectiveness of the proposed approach will be guaranteed 
by its advantage over the dynamic programming method. In addition, the dynamic 
programming method does not limit the power generated by the PEMFC to specific 
operating locations. The simulation results of the proposed strategy are contrasted 
with the results of the dynamic programming approach, the most successful offline 
global optimization technique. For example, the fuel consumption in the proposed
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Table 4 Comparison performance [32] 

Power device’s Drive range (km) Specific energy consumption (Wh/km) Energy saving (%) 

Fuel cell 150 93 + 13 
Supercapacitor 150 91 + 15 
Battery 150 90 + 2.5

Table 5 Characteristics of cell present and future battery technologies for EVs [33] 

Parameter’s Cell voltage Ah Wgt kg EV W/kg HEV W/kg 

Batteries 2.8 30 87 140 521 

Fuel 2.7 15 60 127 540 

Supercapacitor 3.4 20 24 5.5 250 

PV 1.5 20 24 40 156 

Table 6 Simulation results comparison for different driving cycles [34] 

Driving cycle Proposed HEV 
FC/Bat (kW) 

Proposed HEV 
FC/PV/Bat (kW) 

Proposed HEV 
FC/Bat/PV/UC (kW) 

UDDS 7.57 7.64 7.85 

NEDC 5.28 5.33 5.54 

JP 3.43 3.81 3.90 

EMS is 7.64 MPG, while the fuel consumption in the DP strategy is 7.65 MPG in 
the UDDS driving cycle for an identical FC/battery/UC structure. As a result, the 
fuel consumption of the proposed EMS is roughly equivalent to that of the DP tech-
nique. Table 4 also lists battery power fluctuations. According to the findings, the FC/ 
battery/UC arrangement with the proposed EMS has the least performance variation 
compared to the alternative tactics (Tables 5, 6). 

5 Conclusion 

In order to save gasoline as much as possible, this study proposes an ANFIS for power 
management in hybrid electric vehicles, with fuel cell (FC) as the primary energy 
source and batteries (BB) and ultracapacitors (UC) as secondary sources. The battery 
SoC is controlled by battery performance penalty coefficients in ECMS, a cost-based 
optimization approach. UC efficiency is not considered in this optimization strategy. 
Once the UCs are depleted, they can be recharged with the same power from the 
battery bank thanks to converters in the battery bank that control the DC bus voltage 
profile. During the load cycle, the battery and FC balance the load demand. This 
study recommends ANFIS for power management in hybrid electric vehicles, with
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fuel cell (FC) as the main energy source and batteries (BB) and ultracapacitors (UC) 
as secondary sources to save as much oil as possible. The battery SoC is controlled 
by battery penalty coefficients in ECMS, which is a cost-based optimization method. 
This optimization technique does not consider the utility of UC. The battery bank 
has converters that regulate the DC bus voltage profile so that if the UCs are depleted, 
they can be recharged with the same power from the battery bank. The battery and 
FC balance the load demand during the load cycle. 
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NEURAL NETWORK 
 

Abstract 

 

The reliable and uninterrupted supply 

of electrical power is fundamental to modern 

society's functioning. However, Power 

Quality Disturbances (PQDs), encompassing 

a diverse range of transient events such as 

voltage sags, swells, harmonics, and 

interruptions, can compromise the stability 

and effectiveness of power systems. 

Detecting and accurately classifying these 

disturbances, particularly those involving 

multiple and multistage events, is pivotal for 

mitigating their adverse effects. In response 

to this challenge, this research paper presents 

an in-depth investigation into the use of the 

S-Transform, a time-frequency analysis 

technique, for the detection and classification 

of multiple and multistage PQ disturbances. 

We propose a comprehensive methodology 

that integrates the S-Transform with 

advanced classification techniques, including 

Feed Forward Neural Network (FFNN). The 

effectiveness of the proposed methodology is 

demonstrated through the PQ disturbance 

datasets. The results showcase the S-

Transform's aptitude in revealing fine-

grained time-frequency structures inherent in 

multistage disturbances. Furthermore, the 

integration of advanced classification 

techniques yields robust and accurate 

identification of disturbance types, ensuring 

timely and appropriate responses to mitigate 

their impact. 
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I. INTRODUCTION  

 

In modern society, the uninterrupted supply of electric power has become an 

indispensable necessity for the operation of various critical infrastructures, industrial 

processes, and domestic activities. However, the reliability and quality of power supply are 

often challenged by a multitude of disturbances that can disrupt the normal functioning of 

electrical systems. Power Quality (PQ) disturbances encompass a wide array of transient and 

non-stationary events, such as voltage sags, swells, interruptions, harmonics, and flicker, 

among others. These disturbances can lead to severe economic losses, equipment damage, 

and operational disruptions, underscoring the significance of accurate and timely detection 

and classification. 

 

To address these challenges, researchers and practitioners have focused their efforts 

on developing advanced techniques for the detection and classification of PQ disturbances. 

Traditional methods often rely on Fourier Transform-based techniques, which are suitable for 

stationary signals but fall short when analyzing non-stationery and time-varying disturbances. 

In response to this limitation, the S-Transform, also known as the Stockwell Transform, has 

emerged as a promising tool for the simultaneous analysis of signals in both the time and 

frequency domains. Its ability to provide enhanced time-frequency resolution makes it well-

suited for the detection and classification of multistage PQ disturbances. 

 

This research paper presents a comprehensive investigation into the application of the 

S-Transform for the detection and classification of multiple and multistage PQ disturbances. 

We delve into the underlying principles of the S-Transform and its advantages over 

conventional techniques in handling transient and non-stationary disturbances. Leveraging 

this transformative analysis method, our study aims to not only enhance the accuracy of 

detection but also enable the differentiation of complex PQ disturbance patterns that may 

involve multiple stages of events. 

 

II. RELATED LITERATURE 

 

The research conducted by Kuo et al. (2009) presented a novel approach for the 

detection and classification of multistage power quality disturbances using the S-Transform 

and probabilistic neural networks. The study highlighted the effectiveness of the S-Transform 

in capturing time-frequency features of PQ disturbances, enabling improved discrimination 

between different disturbance types. The integration of probabilistic neural networks 

provided accurate classification results, enhancing the overall reliability of the detection 

system. 

 

Chandrasekaran and Sankaranarayanan (2010) proposed a method for PQ disturbance 

classification using the S-Transform and an adaptive network-based fuzzy inference system 

(ANFIS). The researchers showcased the ability of the S-Transform to capture transient and 

non-stationary features of PQ disturbances. The ANFIS-based classification demonstrated the 

system's adaptability to varying disturbance patterns, making it suitable for real-world 

applications. 

 

Messina et al. (2011) contributed to the field by developing an automatic detection 

and classification framework for power quality disturbances using the S-Transform and fuzzy 
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c-means clustering. The study emphasized the effectiveness of fuzzy clustering in identifying 

clusters of similar disturbance patterns, which facilitated accurate classification. The 

combination of the S-Transform and fuzzy clustering provided a robust solution for handling 

multistage disturbances. 

 

In another study by Cheng et al. (2011), the authors investigated the automatic 

detection and classification of power quality disturbances using the S-Transform and a 

probabilistic neural network. The research highlighted the S-Transform's ability to reveal 

intricate time-frequency structures in disturbance signals. The probabilistic neural network 

demonstrated its proficiency in effectively distinguishing between various PQ disturbance 

types, enhancing the overall reliability of the classification process. 

 

Yu et al. (2012) contributed to the field by presenting a power quality disturbance 

detection and classification methodology based on the S-Transform and probabilistic neural 

network. The research showcased the potential of the S-Transform in characterizing complex 

disturbances with multiple stages. The integration of a probabilistic neural network ensured 

accurate classification, underscoring the practicality of the approach for real-world power 

systems. 

 

Collectively, these research papers highlight the significance of the S-Transform as a 

valuable tool for capturing time-frequency features of PQ disturbances, particularly those 

involving multiple and multistage events. The incorporation of advanced classification 

techniques, such as probabilistic neural networks and fuzzy clustering, further enhanced the 

accuracy and reliability of detecting and classifying these disturbances. The studies 

underscore the importance of these methodologies in ensuring the stability and reliability of 

power systems, particularly in the presence of intricate PQ events that can lead to significant 

operational and economic consequences. 

 

III.  S-TRANSFORM 

 

The S-Transform, also known as the Stockwell Transform, is a time-frequency 

analysis technique used to analyze signals in both the time and frequency domains 

simultaneously. Unlike traditional Fourier-based techniques that provide a static frequency 

representation of a signal, the S-Transform captures the dynamic changes in frequency 

content over time, making it particularly useful for analyzing non-stationary and transient 

signals, such as those found in power quality disturbances, seismic signals, and biomedical 

data. 

 

At its core, the S-Transform combines the concepts of the Short-Time Fourier 

Transform (STFT) and the windowed Fourier Transform. While the STFT uses a fixed 

window to analyze signal segments, the S-Transform employs an adaptive window that 

adjusts its length according to the local frequency characteristics of the signal. This adaptive 

window allows the S-Transform to provide higher time resolution in regions with fast 

frequency variations and higher frequency resolution in regions with slow variations. 
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The mathematical representation of the S-Transform of a signal x(t) at a specific time 

t and frequency f is given by: 

 

𝑆𝑥 𝑡, 𝑓 =  𝑥 𝜏 𝑔(𝑡 − 𝜏)𝑒−2𝜋𝑖𝑓  𝑡−𝜏 𝑑𝜏∞

−∞
                                         (1) 

Here 

𝑥 𝑡  is the input signal 

𝑔 𝑡 is the analyzing window function  

f represents frequency 

t denotes time 

i is the imaginary unit 

 

The result of the S-Transform is a complex-valued matrix where the magnitude 

represents the amplitude of the frequency component at a specific time and frequency, and 

the phase represents the phase information. 

 

IV.  FEED FORWARD NEURAL NETWORK (FFNN) 

 

Feedforward neural network is a fundamental architecture in artificial neural networks 

that models the relationship between input data and corresponding output predictions. It is a 

form of supervised learning where the network learns to map input features to desired output 

labels through a series of interconnected layers. Feedforward neural networks are widely used 

for various tasks, including pattern recognition, classification, regression, and function 

approximation. 

 

A feedforward neural network consists of layers of interconnected nodes, commonly 

referred to as neurons. These neurons are organized into three main types of layers: input 

layer, hidden layers, and output layer. Information flows from the input layer through the 

hidden layers to the output layer without any feedback loops, hence the term "feedforward." 

 

Each neuron in a layer is connected to all neurons in the previous layer and to all 

neurons in the subsequent layer. These connections are associated with weights that 

determine the strength of the connection. The process of learning in a feedforward neural 

network involves adjusting these weights to minimize the difference between the network's 

predictions and the actual target values, typically using optimization algorithms like gradient 

descent. 

 

The output of each neuron is determined by an activation function. Common 

activation functions include the sigmoid function, rectified linear unit (ReLU), and 

hyperbolic tangent (tanh). These functions introduce non-linearity to the network, enabling it 

to model complex relationships within the data. 

 

The operation of a feedforward neural network occurs in two main steps: forward 

propagation and backpropagation. During forward propagation, input data is fed into the 

input layer. The input is multiplied by the weights and passed through the activation 

functions in each subsequent layer, ultimately producing an output prediction in the output 

layer. 
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Mathematically, the output Oj of a neuron j in a layer can be expressed as: 

𝑂𝑗 = 𝑓( 𝜔𝑖𝑗 . 𝑜𝑖 + 𝑏𝑗 )𝑖                                                (2) 

 

Here: 

𝜔𝑖𝑗   is the weight of the connection between neuroni in the previous layer and neuron j in 

the current layer. 

𝑜𝑖   is the output of neuroni in the previous layer. 

𝑏𝑗   is the bias term associated with neuron j. 

f is the activation function. 

 

Feedforward neural networks provide a powerful framework for learning complex 

relationships in data. By organizing neurons into layers and using activation functions, they 

can model intricate patterns within input data and generate meaningful predictions. The 

training process, involving forward propagation and backpropagation, enables these networks 

to adapt their weights and biases to optimize their performance on specific tasks. As a 

foundational concept in artificial intelligence and machine learning, feedforward neural 

networks continue to drive advancements in various fields by enabling computers to learn 

from data and make informed decisions. 

 

V. PROPOSED METHODOLOGY 

 

In this algorithm the PQ disturbance signal is processed using S-Transform. The 

resultant S-Transform complex matrix is obtained. To obtain the maximum voltage amplitude 

versus time contour, the maximum of the absolute value of S-Transform matrix has been 

taken for analysis. It provides the absolute value of the fundamental frequency element 

present in the PQ disturbance signal. Figure 1 shows the flowchart of the proposed 

methodology adopted in this research work. 

 

 
 

Figure 1: Flowchart of proposed methodology 

 



Futuristic Trends in Electrical Engineering 

e- ISBN: 978-93-6252-039-5 

IIP Series, Volume 3, Book 2, Part 6, Chapter 1 

CLASSIFICATION OF MULTIPLE AND MULTISTAGE POWER QUALITY DISTURBANCES USING S-

TRANSFORM AND FEED FORWARD NEURAL NETWORK 

 

  Copyright © 2024 Authors                                                                                                                 Page | 100  

VI.  GENERATION OF POWER QUALITY DISTURBANCES 

 

The Power Quality Disturbances required for the evaluation of the performance of 

proposed algorithm are generated by using the integral mathematical models of PQDs as per 

the standards. By varying the parameters of the models, we obtained different dataset of 

PQDs. The details of the multiple and multistage PQDs considered under study is given 

below. 

 

1. Multiple Power Quality Disturbances: The superim position of more than one type of 

PQ disturbances during the same period corresponds to multiple PQ disturbances e.g., 

voltage sag with flicker, voltage swell with harmonics, transient with harmonics, flicker 

with harmonics, interruption with harmonics,voltagesag with harmonics,etc.These 

disturbances are generated by the addition/multiplication of single-stage PQ disturbances. 

PQ variation such as harmonics which always exists in a power distribution network, 

when multiplied with single-stage PQ disturbances, produces multiple PQ disturbances. 

The multiple PQ disturbances havebeen generated as shown in Figure 2-4. The selection 

of parameter values of these disturbances has been performed as perTable1. 

 

Table 1: Mathematical Modeling of Multiple PQ Disturbances 

 

 

 
Figure2: Simulated sag with harmonic signal 

 



Futuristic Trends in Electrical Engineering 

e- ISBN: 978-93-6252-039-5 

IIP Series, Volume 3, Book 2, Part 6, Chapter 1 

CLASSIFICATION OF MULTIPLE AND MULTISTAGE POWER QUALITY DISTURBANCES USING S-

TRANSFORM AND FEED FORWARD NEURAL NETWORK 

 

  Copyright © 2024 Authors                                                                                                                 Page | 101  

 
Figure 3: Simulateds well with harmonic signal 

 
Figure 4: Simulated interruption with harmonic signal 

 

2. Multi Stage PQ Disturbances: Multi-stage PQ disturbances are defined as the single-

stage PQ disturbance followed by some other PQ disturbance before the recovery of the 

former disturbance e.g., voltagesag followed by swell, voltages well followed by sag 

,transient followed by sag, transient followed by swell, etc. These disturbances change 

their parameters before recovery. It is formed using the addition of single-stage PQ 

disturbances. Several generated multi-stage PQ disturbances (two stages) are shown in 

figure 5-7.The parameters of these disturbances are selected as per Table 2. Likewise, the 

multi-stage PQ disturbances having more than two stages which may be possible due to 

the complexity of the power system, can be synthetically generated. 

 

Table2: Mathematical Modelling of Multi-Stage PQ Disturbances 
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Figure 5: Simulated multi-stages ag signal 

 

 
Figure 6: Simulated multi-stages well signal 

 

 
Figure 7: Simulated multi-stages ag with swell signal 

 

VII. S-TRANSFORM ANALYSIS RESULTS 

 

The voltage signals corresponding to multiple and multistage Power Quality 

Disturbances are processed using S-Transform. The results of the ST analysis is discussed in 

this section. Figure 8 (a) – 10 (a)show the three types of multiple PQ disturbances and Figure 
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8 (b) – 10 (b) show their voltage amplitude versus time vectors respectively. Three cases of 

multistage PQ disturbance have been shown in Figure 11 (a) – 13 (a)with their voltage 

amplitude versus time vectors as shown in Figure 11 (b) –13 (b). From the figures obtained 

from ST analysis it is cleared that the time versus normalized amplitude plot obtained from 

the maximum of the absolute value of S-Transform matrix forms an important aspect for the 

classification of both multiple and multistage PQDs. These characteristics found to be distinct 

for different PQDs. 

 

 
Figure 8: (a) Sag with harmonics (b)Voltage amplitude vs time vector 

 

 
 

Figure 9: (a) Swell with harmonics  (b)Voltage amplitude vs time vector 
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Figure 10: (a )Interruption with harmonics (b)Voltage amplitude vs time vector 

 

 
 

Figure 11: (a) Multi stage sag (b) Voltage amplitude vs time vector 
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Figure 12: (a) Multi stages well  (b) Voltage amplitude vs time vector 

 

 
 

Figure 13: (a) Multi stages ag with swell (b) Voltage amplitude vs time vector 
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VIII. FEATURE EXTRACTION FROM S-TRANSFORM ANALYSIS 

 

The existing literature focuses ondetectionand recognition of single-stage PQ 

disturbances. So, this work emphases on the detection and classification of multiple and 

multistage PQ disturbances using S-Trans form. Voltage amplitude versus time vector 

obtained from S-Trans form complex matrix clearly depicts the PQ disturbance behavior. 

Further, features extracted from the transformed signals are used for automatic identification 

of multiple and multistage PQ disturbances. The Parseval’s energy calculated from the 

magnitude of time vs normalized amplitude plot is used to classify the multiple and 

multistage power quality disturbances. Figure 14 shows the Parseval’s energy plot of both 

multiple and multistage PQ disturbances. By calculating the values of energy corresponding 

to different PQ disturbances a dataset is created for the classification of disturbances. 

 

 
 

Figure 14: Parseval’s Energy calculated for multiple and multistage PQ disturbances 

 

IX.  FEED FORWARD NEURAL NETWORK CLASSIFIER RESULTS 

 

The feature vector of 20 datasets of each disturbance is created by computing the 

Parseval’s energy of different PQDs from the ST analysis. The training and testing of Feed 

Forward Neural Network (FFNN) are done using the extracted feature vector. Table 3 shows 

the results of the FFNN classifier represented in the form of confusion matrix. In the 

confusion matrix the diagonal elements denote correctly classified PQDs, while the non-

diagonal elements denote misclassification. All diagonal elements are averaged to calculate 

overall accuracy. 
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Table 3: Confusion Matrix of FFNN Classifier 

 

Class C1 C2 C3 C4 C5 C6 

C1 20 - - - - - 

C2 - 20 - - - - 

C3 - - 20 - - - 

C4 - - - 20 - - 

C5 - - - - 19 1 

C6 - - - - - 20 

 

Inordertoevaluateandexaminetheperformanceofthedetectingalgorithm, a classification 

system technique is needed. In this research work Feed Forward Neural Network (FFNN) is 

used as a classifier. Table 4 shows the results of FFNN. 

 

Table 4: Classification accuracy of FFNN with hidden layers 

 

Class PQDs 1 hiddenlayer 2 hiddenlayers 

C1 Sag with Harmonics 100.00 % 100.00 % 

C2 Swell with Harmonics 100.00 % 100.00 % 

C3 Interruption with Harmonics 95.00 % 100.00 % 

C4 Multistage Sag 100.00 % 100.00 % 

C5 Multistage Swell 95.00 % 95.00 % 

C6 Multistage Sag and Swell 100.00 % 100.00 % 

 Overall Accuracy 98.33 % 99.17 % 

 

X. CONCLUSION 

 

In the S-Transform based multiple and multistage PQ disturbances detection and 

classification approach the normalized amplitude versus time vector is obtained from the S-

Transform matrix clearly shows the behavior of PQ disturbance. The features extracted from 

the transformed signals are used for automatic classification of multiple and multistage PQ 

disturbances. The Parseval’s Energy computed using the normalized amplitude found 

sufficient to categorize the PQ disturbances based on threshold values. The computational 

complexity and time of S-Transform is high which limits its application in real-time detection 

of PQ disturbances. The FFNN trained and tested using the Parseval’s energy gives accuracy 

of 95% and above for individual disturbance and overall accuracy is more than 98%. 
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VOLTAGE SAG REDUCTION USING A UVTG-BASED 

DYNAMIC VOLTAGE RESTORER 

 
Abstract 

 

Unnecessary clash is caused 

through voltage dips or sags on both the 

utility and consumer sides. In order to 

correct voltage sag. In this Paper, a custom 

power Device ( DVR ) with voltage source 

converter (VSC) topology is used. A 

modified power device called a dynamic 

voltage restorer (DVR) is used to decrease 

power quality concerns in the electrical 

power system network and promote voltage 

stability. DVRs are normally installed in 

the delivery network between load feeders 

and sources. This study discusses a method 

of voltage sag correction unit vector 

template generation (UVTG)-based and a 

dynamic voltage restorer. The results are 

acquired following simulation with the 

MATLAB program. 

 

Keywords: Dynamic voltage restorer,  

sensitive load, and voltage sag. 
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I. INTRODUCTION  

   

The primary concept in today's power delivery systems is power quality. Poor power 

quality has a number of repercussions on energy consumers, including production loss, 

appliance damage, increased power losses, interference with communication lines, & so on.  

The basic purpose of electrical utility providers is to deliver continuous, constant-magnitude 

sinusoidal voltage to its customers [1,2]. To improve power quality, custom power devices 

are employed. Hingorani initially suggested customized power in 1995 [16]. Custom power 

(CP) is a term that refers to the usage of electronic controllers in power system networks. A 

few examples of specialist power units include the Distribution Statcom (D-STATCOM), 

Dynamic Voltage Restorer (DVR), and Unified Power Quality Conditioner (UPQC). Battery 

Systems (BESS), Distribution Series Capacitors (DSC), and Surge Arresters (SA), 

Uninterruptible Power Supplies (UPS), Solid-State Fault Current Limiters (SSFCL), Solid-

State Transfer Switches (SSTS), and Static Electronic Tap Changers (SETC) are all examples 

of solid-state devices. Either in series, shunt, or a combination of the two connections are 

used to connect the CPD devices. Power systems ensure high-quality electrical power 

supplies, which calls for balanced, sinusoidal voltage and current waveforms. Additionally, 

the system's voltage level torque should be within a safe range, often within 100+ -5% of its 

rated value. The performance of the equipment is compromised if the voltage is greater or 

lower than this predetermined value. There is a requirement for voltage adjustment because 

when the voltage is low, the television's picture begins to roll and the induction motor's 

velocity is reduced to the square of the voltage. Today, the electric utility grid's focus on 

power quality is crucial. Voltage conflict at the PCC causes sensitive industrial equipment to 

malfunction, which results in the failure of grid component [5, 6]. For reducing this voltage 

disturbance and safeguard sensitive loads from it, dynamic voltage restorations are an 

effective solution. The voltage level  on the system should also be within a secure range, 

often within +- 5% of their rated value if the voltage is more or less than this precise value, 

performance of the voltage sag, which is the majority significant voltage disturbance. The 

VSC that add a series voltage into the line is known as a DVR. DVR have the ability to 

function as series active power filters.  The UVTG control approach, which is DVR-based, is 

used to compensate for voltage sag in this paper.  

 

II. DVR CONFIGURATION  

 

A dynamic voltage restorer's main components are the insertion transformer, 

harmonic filter, VSC, and energy storage control [9]. 
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 Figure 1: DVR Configuration  

 

The DVR is a device that is associated in series to remove voltage sag. The dynamic 

voltage restorer solutions for the supply voltage issue by injecting a voltage series into the 

line, resulting in distortion-free voltage at the load terminal. The subsequent equation 

illustrates the series converters.      

                                          

Vinjected(ωt) = VLoad(ωt) – VSource(ωt)                                                                                     (1) 

 

VInjected(t), VLoad(t), and VSource(t) are the  voltage to be added, load side  voltage, and 

genuine supply voltage of a series converter, respectively."Figure 1.shows the configuration 

of DVR. The DVR is separated into two sections: a) The power circuit and PI controllers, and 

b) Circuit that to be controlled. The main circuit i.e. Power is made up of a voltage source 

converter (VSC), a series linked booster transformer, a passive filter, and some storing energy 

devices. The DVR circuit is used to compute the responses of the control signal that should 

be injected from side to side DVR, such as amplitude, frequency, and phase shift.  In 

response to this control signal, the main part of circuit is use for injection of voltage. To 

remain the load side voltage to susceptible loads within safe limits, the DVR compensates for 

voltage sag. The DVR is designed to eliminate voltage sag of varying magnitudes for varying 

durations. Because the delta-star transformer connection in the distribution system does not 

permit zero sequence voltage to pass through, only positive sequence voltage restoration and 

negative sequence voltage compensation are essential. The Voltage source Converter 

employs an insulated gate. i.e. Thyristors are used. It is fueled by an power source and uses 

an inverter to produce modified Sinusoidal voltage. The filter suppresses switching 
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harmonics and corrects the compensated voltage to be injected. An insertion transformer 

connected in sequence with the distribution line connects the DVR to the system. The three 

single phase insertion transformer is used to insert voltage into PCC that is not present. This 

study's major purpose is to adjust for both symmetrical and unsymmetrical voltage sags. 

 

III. DC CAPACITOR SELECTION  
 

The value of dc capacitance is selected on the basis of amount of transient energy 

required when the load varies. The energy stored in the capacitor is used to meet the energy 

demand of the load for a fraction of the power cycle.[18] 

 

(½){CDC(V
2

DC –V
2

DC1)}=3VfIf ∆t(4) 

 

Where VDC is the rated voltage, VDC1 is the voltage drop allowed during the transient, 

t is the time required for support, and CDC is the DC bus capacitance. 

 

IV. CONTROL ALGORITHM AND METHDOLOGY 

 

In this part the suggested control technique for the DVR. As demonstrated in figure. 

2, the UVTG technique is employed to regulate the DVR in the controlled block diagram 

DVR in order to provide a reference voltage signal.[2][3][4] 

 

 
     

 Figure 2: Shows a Overall Control Algorithm  
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Voltage between the PCC and the load side voltage is controlled  by the series filter 

component (DVR) such that it is balanced, distortion-free, and maintains the appropriate 

range. The input voltage may be not proper, or power quality problems may exist on the 

system. To produce the controlled voltage signal by UVTG, the input supply voltage is 

measured and multiplied by gain equal to 1/Vm ( Vm is the maximum value of the reference 

voltage ). The PLL is used to coordinate the supply voltage. The equation below shows how 

to use UVTG and a PLL to generate a three-phase voltage reference signal for a series APF. 

Three-phase voltage is distorted. Voltages are sensed and sent through a PLL, which 

generates two quadrature unit vectors (sinwt and coswt). The in-phase sine and cosine outputs 

of the PLL are used in equation to compute the supply in phase, 120
o
 displaced three unit 

vectors (ua,ub, uc) as follows: 

 





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
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                                                    (2) 

   

The three-phase reference voltages are obtained by multiplying with Ua ,Ub, Uc  by 

the needed peak value of the phase voltage (Vm). 

 


































uc

ub

ua

Vm

Vlc

Vlb

Vla

 

(3) 

 

338 Volts is the required maximum range of voltage under consideration. The 

calculated voltages from the reference voltages from Equation (2) are then feed into the 

comparator device, together with the sensed three phase load voltages. In this way error 

signal is generated. 

 

 
 

Figure 3: Error signal generation 
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.  

 

Figure 4: Creating pulses to triggered the Gate  

 

Above figure shows the creation of pulses from an error indication as well as the 

required corrected to be needed. The error signal is compared to the needed % correction, and 

the output data type is changed with respective required logic. The consistent operation of the 

signal generates the required  pulses for the inverter, which get required correction in the 

system voltage. 

 

V. CONTROL ALGORITHM  

 

This controlled algorithm perform the operations like voltage sag detection , various 

distortion, and harmonics in the system; calculated the voltage correction; generating pulses 

for triggering the inverter to the PWM-based DC-AC inverter; correcting any anomalies in 

the series voltage injection; and terminating the trigger pulses when the event has passed. The 

controller can also be used to convert the DC-AC inverter into rectifier mode and charge the 

capacitors in the DC energy link in the absence of voltage sags. The control strategy proposed 

for the system is based on a comparison of a voltage reference and the measured terminal 

voltage (Va, Vb, Vc).When the supply falls below a particular threshold, voltage sags are 

detected at 20% of the reference voltage.The error signal is used as a modulation signal to 

generate a commutation pattern for the voltage source converter's power switches (IGBTs). 

The commutation pattern is formed using The sinusoidal pulse width modulation (SPWM) 

technique; the modulation controls voltages. The phase locked loop circuit is intended to 

produce a single alternating current wave In-phase with the system voltage. 
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Figure 5: Required Pulses for triggering 

 

The comparator creates switching waveform for Series filters. It generates the 

essential signals for swathing to convert the voltage signal at system to the suitable reference 

voltage. Consequently, the ripple filter voltage applied to the series transformer effectively 

eliminates both balanced and unbalanced voltage sags within the power supply. 

 

 
 

Figure 6: Output of transformer 
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Above displays the voltage signal that will be inserted in series with the load voltage 

signal. The injected voltage is the somewhat sine wave voltage induced by winding 

inductance of transformer. 

 

VI. RESULTS AND SIMULATION MODELLED 
 

Simulation and results for DVR voltage sag correction using a proposed technique is 

approach. The UVTG control technique was used to evaluate two situations for the DVR, 

which are listed below usning MATLAB software. 

 

1. Mitigation of 20% Voltage sag from all three Phases: Sag is usually caused by faults 

or the start of a sudden significant load. The system under consideration as follow. 

 

 
 

Figure 7: System Under Consideration 

 

The below figure shows the results of  20 percent supply balance voltage sag 

developed in every  phases due to addition of non linear  load at 0.04 Second  and reduce  

at 0.12 second displayed in below results. The DVR is in operation and insert the required 

sag voltage during the disturbance  when the supply voltage sag occurs at 0.04 second. 
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Figure 8: Case I simulation and results are shown  

 

 

 

 

 

 

Table 1: Case I Observed Output 

 

2. 25% Voltage sag in three phases: 

 

 
 

Figure 9: System Under Study 

System 
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      Sag  
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Mitigated 
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415.00Volts  
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0.2  

1 per 

unit 
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The below figure shows that  a 25 Percent Source voltage sag is developed  by a LLL-

G Fault  for the duration of 0.08 second  is given  in the figure. When the supply voltage 

reduces, the DVR comes into the actions and compensate the required voltage. 

 

 
 

Figure 11: Signals of simulated results. 

 

 

 

 

 

 

 

Table 2: Case II Observed Output 

 

3. 25 Percent sag compensation in R phase: The below figure shows that 25 percent sag is 

developed by L-G faults for the duration of 0.08 Second, then the DVR comes into the 

action and will inject the required magnitude when sag happened at 0.04 second  

   

 
 

Figure 12: waveform of Results 3. 
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Table 3: Output Seen It is demonstrated in both cases that the voltage injected by the 

inverter equals 1- (Error Voltage) = Sag in per Unit  
 

 

VII. CONCLUSION  
 

The designing and MATLAB results of a DVR is describe. A projected control algorithm for 

DVR based on UVTG. The proposed control approach was put to the check using MATLAB 

models.   The results show that the DVR performs adequately in terms of minimizing Power 

Quality disturbances. The Observations also disclose that the DVR adjusts prompt to sags and 

has immense voltage directive. The DVR can effortlessly handle various situations of 

disturbances and compensate the essential voltage component to swiftly rectify any cause in 

the source voltage for clearing the power quality disturbances.   
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DISCRIMINATION OF INTER-TURN FAULTS FROM 

MAGNETIZING INRUSH CURRENT IN 

TRANSFORMER: A WAVELET TRANSFORM 

APPROACH 
 

Abstract 

 

To distinguish the magnetizing inrush 

current and internal fault accurately & 

quickly is a crucial issue in the transformer 

protection.  .. This paper describes a novel 

and simple technique to discriminate the 

magnetizing inrush current and inter-turn 

fault using the wavelet transform avoiding 

rigorous mathematics. This method is 

independent of setting any threshold for 

discrimination amongst these, and capable of 

detecting interturn short circuit involving 

few turns also, which is otherwise very 

difficult to detect. With a thorough 

explanation of the proposed criterion, 

practical results for the specially constructed 

transformer are shown. The difference 

between the two-peak amplitudes of wavelet 

coefficients in a given band is used to build a 

discriminating function for feature 

extraction. This differentiation will help in 

the creation of an automatic detection system 

that will provide information to anticipate 

the failure in advance and allow the 

appropriate corrective actions to be made to 

decrease downtime and avoid outages. 
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inrush current, wavelet transform 
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I. INTRODUCTION  

 

The transformer, an important part of electric power systems, is crucial to the power 

system's secure operation. Due to its straightforward operating principle and sensitivity, 

differential protection has long served as the transformer's primary method of protection 

[1],[16]. How to distinguish a magnetising inrush from an internal failure, nevertheless, is a 

key differential protection problem. The traditional method uses the second harmonic 

component of differential currents to limit the differential relay's operation so as to prevent 

tripping during conditions of magnetising inrush. [2].  

 

It is commonly known that this strategy falls short in various ways when it comes to 

protecting modern power transformers. High performance relays are also necessary for the 

modern power system, particularly in terms of operating speed. The peaked wave 

characteristics of the transformer core's asymmetric saturation are also present in the 

magnetising inrush. These features enable a new field of investigation for increasing the 

relays' working speed by identifying magnetising inrush [15]. 

 

The power industry is becoming more and more regulated in the modern world. There 

is fierce competition because there are more utilities providing power. Customers want a 

"Good quality" of electric supply. Therefore, it is crucial in this situation to reduce the 

frequency and length of unwelcome distribution transformer outages. 

 

Since the second harmonic component may also be introduced during an internal fault 

due to a variety of other factors, such as current transformer saturation or the presence of a 

shunt capacitor, it is no longer possible to distinguish between an internal fault and a 

magnetising inrush current by looking for the presence of a second harmonic component in 

the inrush current [2], [10]. 

 

Transformer inductance during saturation, flux derived from the voltage integral, and 

differential current are examples of earlier work on transformer protection. Fuzzy logic and 

ANN are two recent methodologies that have been utilised. Additionally, a few methods have 

been used to detect internal defects and the magnetising inrush [16],[8]. For this, a system 

based on microprocessors and modal analysis was deployed as a tool. In [16], the 

discriminating factor is the active power coming into the transformer, which is nearly zero in 

the event of energization. 

 

A wavelet-based system is employed in [11]. For the study and feature extraction of 

power system transients, a wavelet-based signal processing technique is useful [2]. There 

have been reports of the technique's use in data compression, protection, study of power 

quality issues, fault detection, and power quality assessment. 

 

An innovative wavelet-based technique is put out in Paper [11] to detect inrush 

current from internal problems and identify it. The asymmetrical magnetization that is unique 

to the inrush is described by the second harmonic component. The wavelet transform idea is 

first applied. It is described how wavelets' ability to have multiple resolutions in time and 

frequency allows for accurate transient component time location while also preserving data 

on the fundamental frequency and its lower order harmonics, making it easier to spot 

transformer inrush currents. Using a data window smaller than half a power frequency cycle, 
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the approach extracts the wavelet components present in the line currents to detect inrush 

currents. The findings demonstrate that the suggested method can provide the desired 

responses and can be applied as a quick, accurate way to distinguish between inrush 

magnetising and power frequency issues. 

 

In this study, a wavelet-based method for identifying inrush current and 

differentiating it from internal defects is devised. The data from the controlled studies were 

gathered in the lab using a specially constructed single-phase transformer. A wide range of 

potential failure scenarios on the transformer's primary and secondary windings were 

purposefully introduced in these controlled testing.  For reaching the goal, a schematic 

algorithm is created; the suggested scheme does not call for any threshold settings. 

 

II. WAVELET TRANSFORM 

 

The wavelet transforms associated with fast electromagnetic transients are typically 

non-periodic signals, which contain both high-frequency oscillations and localized impulses 

superimposed on the power frequency and its harmonics. The entire frequency spectrum may 

be impacted if signals are altered in a specific localised time instant. The short-time Fourier 

transform (STFT) is employed to lessen the impact of non-periodic signals on the DFT. It 

presupposes local periodicity within an ongoing time window of translation..The process for 

implementing a Discrete Wavelet Transform is shown in Fig. 1, where S represents the 

original signal and LPF and HPF stand for low-pass and high-pass filters, respectively. An 

initial signal is split into two portions, each with a frequency bandwidth of half, and 

delivered to the LPF and HPF in the first step. The output of the LPF is then further reduced 

by halving the frequency bandwidth before being delivered to the second stage. This process 

is repeated until the signal has been divided into its component parts to the predetermined 

level. According to Nyquist's theorem, the original signal could only contain frequencies up 

to Fs/2 Hz if it were sampled at Fs Hz. The first detail, number 1, would show this frequency 

at the high pass filter's output; similarly, detail 2, number 2, and so on, would show the band 

of frequencies between Fs/4 and Fs/8. The frequency levels of the wavelet function 

coefficients are shown in Table 1. In this research, the sampling frequency is assumed to be 

10 kHz. 

 

Table 1: Frequency Levels of Wavelet Functions Coefficients 
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Figure 1: Implementation of DWT 

 

 
 

Figure 2: Different Behavior of Fault and Inrush Current 

 

III.   PROPOSED METHOD  

 

Figure 2's waveform of the inrush differential current makes it obvious that its initial 

slope is less than that of the fault differential current, which grows after lowering initially. 

High frequency components are present when the slope has a high value. These 

characteristics are depending on the different types of current and transformer parameters and 

are independent of the associated power supply. The initial slope of the differential current 

owing to fault and that due to magnetising inrush current differ significantly from one 

another, and this difference has been utilised to distinguish between inter-turn fault and 

magnetising inrush current. According to the suggested approach for internal fault (in one 

scenario, an inter-turn short circuit), the high frequency's initial amplitude is high and then it 

gradually drops. Therefore, as illustrated in Figure 3, high frequency components are 

recorded in the first two levels, D1 and D2. In contrast, in an inrush current, the high 

frequency component's initial amplitude is lower and then grows. Therefore, nothing can be 

seen at the first two levels, D1 and D2, whereas at D3 (see Fig. 4), a significant amplitude 

can be noticed. 
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Figure 3: Illustration of Wavelet Decomposition of Fault Current 

 

 

 
 

Figure 4: Illustration of Wavelet decomposition of Inrush Current 
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IV. EXPERIMENT SETUP 

 

A specially constructed 220V/220V, 2KVA, 50Hz, single-phase transformer with 

externally accessible taps on both the primary and secondary to introduce faults is used in the 

experiment setup. There are 272 turns between windings. 

 

The secondary's load is made up of Induction motor and static components. The 

voltage and current readings were recorded using Tektronix Instruments' data acquisition 

card. 10,000 samples per second was the sample rate used to record these signals. 

 

On the custom-built transformer, several inrush current and inter turn short circuit 

events were staged by changing the parameters, which drastically altered the properties of 

these currents. The voltage angle at the time of switching and the residual core flow are these 

parameters. The effects of the number of shorted turns on the primary or secondary, and load 

conditions are taken into account when staging various inter turn short circuit instances. 

The custom-built transformer was used for the ensuing the following tests.  

 

 The primary current was measured in an unloaded state to ensure good health. 

 By keeping four percent (10 turns) of the primary turns short-circuited while under 

load, the transformer was powered up and differential current was acquired. 

 The identical process was carried out again for secondary winding short circuits.  

 

On the specially made transformer, the suggested algorithm was put to the test. The 

experiment setup is depicted in Figure 5 

 

 
 

Figure 5: Experimental Setup 
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V. RESULT AND DISCUSSION 

 

Figure 6 displays the differential current (labelled "Signal") caused by an inter-turn 

short circuit in a primary winding with a 4% winding that is close to neutral, together with 

their specific coefficients from Wavelet Transform up to D5 level.  In this case, the desired 

wavelet coefficients are obtained using the daub- 4-mother wavelet.  

  

The detailed coefficients of levels 1 to 5 of decomposition are shown in this image as 

d1 through d5, with level 5's estimated coefficients shown as a5. The absolute value of d5 is 

displayed at the bottom of this figure. Below is a full explanation and interpretation of Figure 

6:  

 

 The figure's 'Signal' represents the original differential current signal that was 

recorded using the data acquisition technology previously mentioned. The fault starts 

at sample number 39 (about), and it is indicated in the graphic as "x." The first 

negative differential current peak, indicated by 'Y' in the picture, is seen at sample 

number 50. 

 Peaking of the wavelet coefficient is seen in decomposition level 'd1', roughly from 

samples 39 to 64. The magnitude of these oscillations then starts to decay. 

 At the 'd2' level, the sudden shifts in the signal during samples 39 to 64 are more 

clearly visible, and sample number 45 has the highest positive peak. 

 In 'd3' level, high frequency components that were present in d2 are filtered off. The 

apex of the waveform was once more seen at sample number 45. 

 At the d4 level, sample 39 exhibits the first positive peak with a magnitude of 0.3571 

while sample 50 exhibits the first negative peak with a magnitude of -0.3651. This is 

a close representation of the 'x'-'y' curve. 

 The first positive peak in the d5 level is seen at sample 39 and has a magnitude of 

0.4041, while the first negative peak is seen at sample 59 and has a value of -0.5657. 

The slopes of faults and inrush currents can therefore be measured precisely at the d5 

level. 

 

As a result, the first two successive peak values following the fault moment are the 

best approximations for the initial slope changes in the fault and inrush current, taking the 

absolute value of |d5| as indicated in the figure. 

 

Consequently, the following can be used to select the discriminating function for fault 

and inrush current: 

 
𝛥𝑀 𝑑5 =  𝐹𝑖𝑟𝑠𝑡 𝑃𝑒𝑎𝑘 𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑢𝑙𝑡 𝑖𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛 −  𝑆𝑒𝑐𝑜𝑛𝑑 𝑃𝑒𝑎𝑘 𝑎𝑓𝑡𝑒𝑟 𝑓𝑎𝑢𝑙𝑡 𝑖𝑛𝑖𝑡𝑖𝑎𝑡𝑖𝑜𝑛  (1) 

 

𝛥𝑀 𝑑5 = 𝐴 − 𝐵             (2) 

 

Hence, for inrush current M<0 and for fault current M>0. 
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Figure 6: Wavelet Decomposition of Differential Current for Fault in Primary Winding 

 

Figure 7 displays the wavelet decomposition of the differential current measured 

during the interturn fault of the secondary winding's 10 turns.  Similar high frequency 

components were seen in primary winding faults.  

 

For high initial slope of fault current, high frequency components were seen at 

decomposition level d1-d4.  As was previously discussed, as the fault develops, the slope of 

the fault current gradually diminishes. High frequency components with large amplitudes at 

the time of the fault and fading trends afterwards are clearly discernible from time-frequency 

localization in the d1-d3 levels. 

 

Filtration of this high frequency up to the d5 level produces some really intriguing 

fault and inrush current discrimination criteria.  The bottom of this illustration displays the 

coefficients of the d5 waveform's absolute value. The first two peaks after the disturbance in 

this have amplitudes A and B.  The figure shows that for the inter-turn fault, A>B. The 

quarter cycle can be used to issue commands in the event of an A>B journey. Typically, the 
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characteristics required for diagnosis appear in the high frequency range rather than the lower 

frequency range.  

 

Figure makes clear that the wavelet coefficients in D5 have bigger amplitudes than 

those in D1 through D4. Many wavelets were tested as analysis wavelets, but Daubechies 4 

(Db4) ultimately provided reassuring and distinctive properties. 

 

The size of the two successive peaks A and B likewise exhibits the same relationship, 

namely, A>B. 

 

 
 

Figure 7: Wavelet Decomposition of Differential Current for Fault in Secondary Winding 
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Figure 8: Wavelet Decomposition of Differential Current During Inrush 

 

Despite having a similar amplitude, inrush current differs from fault current in 

behaviour or features. Low slope inrush current begins and increases quickly after. In fig. 8, 

this trait is illustrated. The signal for the acquired inrush current is divided into five levels. 

As was the case with the inter-turn fault, there was no peaking at the initial instant in the d1-

d2 level. However, because high slope follows low slope in inrush current, high frequency 

oscillations can be observed in these levels. As a result, in contrast to the preceding situation, 

repeated oscillations are reported at the d4 level that match the steep inrush current slope. 

The consecutive peaks A and B can be found from the d5 and |d5| and compared. It should be 

observed that A > B for inrush. 

 

In line with the prior discussion, the proposed technique does not call for a threshold 

value to distinguish between the transformer's magnetizing inrush and inter-turn failures. The 

following is a presentation of the discrimination algorithm: 

 

 Under the aforementioned events, measure the differential current with an acceptable 

sample frequency. 
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 Use the MRA method to get the discrete wavelet transform up to the fifth level of 

decomposition. 

 Obtain |d5|  

 Discover |d5|'s first two peak values, A and B.  

 Determine M=A-B. 

 If M is negative, inrush current is present. 

 If M is positive value, it is fault condition and will sound an alarm or trip signal. 

 

The wavelet decompositions of fault and inrush currents at various switching instants 

are shown in Figures 9 and 10. 

 

 
 

Figure 9: Wavelet Decomposition of Differential Current During Fault 
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Figure 10: Wavelet Decomposition of Inrush Current 

 

VI. CONCLUSION 

 

This work introduces a new method that distinguishes between the inter-turn fault and 

the magnetising inrush current. Wavelet coefficients served as the algorithm's discriminating 

function. To differentiate the situations under study, two peaks at the |d5| level immediately 

following the fault moment are used. Since the criteria for this algorithm compare the two 

peaks, no threshold adjustments are required. The proposed method is thoroughly detailed 

and shown to be effective using a custom-built transformer. 
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E-wallet Recharge, Database Management System Setup, Admin Access, and Transaction Notifications.

Published in: 2024 IEEE International Students' Conference on Electrical, Electronics and Computer Science
(SCEECS)

Date of Conference: 24-25 February 2024 DOI: 10.1109/SCEECS61402.2024.10482188



ADVANCED SEARCH

All 

 Browse  My Settings  Help  Institutional Sign In

Institutional Sign In



Personal Sign In

http://www.ieee.org/
https://ieeexplore.ieee.org/Xplore/home.jsp
http://standards.ieee.org/
http://spectrum.ieee.org/
http://www.ieee.org/sitemap.html
https://innovate.ieee.org/Xplore/Subscribebutton
https://ieeexplore.ieee.org/browse/conferences/title/
https://ieeexplore.ieee.org/xpl/conhome/10481805/proceeding
https://ieeexplore.ieee.org/Xplorehelp/ieee-xplore-training/working-with-documents#interactive-html
javascript:void()
https://ieeexplore.ieee.org/author/237755524777423
https://ieeexplore.ieee.org/author/279923123026346
https://ieeexplore.ieee.org/author/984110165235117
https://ieeexplore.ieee.org/author/456021456462639
https://ieeexplore.ieee.org/author/37089871424
https://ieeexplore.ieee.org/author/37088477403
javascript:void()
https://www.ieee.org/give
https://www.ieee.org/cart/public/myCart/page.html?refSite=https://ieeexplore.ieee.org&refSiteName=IEEE%20Xplore
https://www.ieee.org/profile/public/createwebaccount/showCreateAccount.html?ShowMGAMarkeatbilityOptIn=true&sourceCode=xplore&car=IEEE-Xplore&autoSignin=Y&signinurl=https%3A%2F%2Fieeexplore.ieee.org%2FXplore%2Flogin.jsp%3Furl%3D%2FXplore%2Fhome.jsp%26reason%3Dauthenticate&url=https://ieeexplore.ieee.org/document/10482188
https://www.ieee.org/profile/public/createwebaccount/showCreateAccount.html?ShowMGAMarkeatbilityOptIn=true&sourceCode=xplore&car=IEEE-Xplore&autoSignin=Y&signinurl=https%3A%2F%2Fieeexplore.ieee.org%2FXplore%2Flogin.jsp%3Furl%3D%2FXplore%2Fhome.jsp%26reason%3Dauthenticate&url=https://ieeexplore.ieee.org/document/10482188
https://ieeexplore.ieee.org/search/searchresult.jsp?contentType=all&refinements=ContentType%3AConferences&sortType=&filter=-ContentType%20EQ%20%22Newsletters%22&queryText=MDLGO:%20Integrated%20Multimodal%20Deep%20Learning%20Framework%20for%20Enhanced%20Precision%20in%20Glaucoma%20Diagnosis%20Using%20OCT%20A-scans
javascript:void()
javascript:void()
javascript:void()
https://ieeexplore.ieee.org/alerts/citation
javascript:void()
javascript:void()
https://ieeexplore.ieee.org/document/10482188
javascript:void()
javascript:void()
javascript:void()
javascript:void()
javascript:void()
https://ieeexplore.ieee.org/document/10482188/authors
https://ieeexplore.ieee.org/document/10482188/figures
https://ieeexplore.ieee.org/document/10482188/references
https://ieeexplore.ieee.org/document/10482188/keywords
https://ieeexplore.ieee.org/document/10482188/metrics
https://ieeexplore.ieee.org/document/10482188/similar
https://ieeexplore.ieee.org/xpl/conhome/10481805/proceeding
https://doi.org/10.1109/SCEECS61402.2024.10482188
https://ieeexplore.ieee.org/search/advanced
https://ieeexplore.ieee.org/Xplore/home.jsp
javascript:void()
javascript:void()


6/26/24, 10:47 AM Elevating Canteen Management with a Modern Web Solution | IEEE Conference Publication | IEEE Xplore

https://ieeexplore.ieee.org/document/10482188 2/4

Date Added to IEEE Xplore: 02 April 2024

 ISBN Information:

 ISSN Information:

Publisher: IEEE

Conference Location: Bhopal, India

Authors 

Figures 

References 

Keywords 

Metrics 

I. Introduction
Canteen operations are now manual, which adds complexity and inefficiency to the entire process,
from placing orders to delivering food. When there is no automatic system in place, computations
must be done by hand, which increases the possibility of errors. One of the biggest obstacles is that
each student’s food intake is not precisely counted, which leads to inconsistent statistics and makes
it hard to monitor consumption trends. The consequences encompass in accura- cies in invoicing,
disparities in inventory, and inefficiencies in operations, which eventually affect the precision of
finances and the caliber of services rendered [6].
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Abstract:
Glaucoma, a leading cause of irreversible blindness, necessitates accurate and early diagnosis to prevent visual
impairment. Current methods relying solely on OCT A-scans often fall short in specificity and sensitivity, and may
overlook subtle anomalies indicative of early glaucoma. Furthermore, delays in diagnosis can contribute to disease
progression. This paper introduces an innovative deep learning model that amalgamates OCT A-scans, fundus images,
and visual field data, leveraging the strengths of multi-modal fusion to provide a comprehensive analysis for glaucoma
diagnosis. Transfer learning, utilizing pre-trained models like InceptionV3 and ResNet50, was employed to enhance
feature extraction, alongside anomaly detection methods including One-Class SVM and Isolation Forest to identify
atypical glaucoma presentations. Moreover, the integration of an attention mechanism in segmentation models,
specifically V-Net and SegNet, facilitated precise delineation of regions of interest in OCT A-scans. The proposed
model significantly outperformed existing methods, enhancing precision by 8.5%, accuracy by 3.9%, recall by 8.3%,
AUC by 4.9%, and specificity by 5.5%, while concurrently reducing diagnosis delay by 10.4%. These substantial
improvements underscore the potential of our method in revolutionizing glaucoma diagnosis, ultimately contributing to
timely intervention and better patient outcomes.
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I. Introduction
Millions of individuals worldwide suffer from irreparable blindness from glaucoma. Progressive optic
nerve injury, frequently linked with elevated intraocular pressure, can cause vision loss if not
recognized and treated. Early detection and treatment are essential to preventing this disease's
severe effects. OCT A-scans take comprehensive images of the retinal layers to examine the optic
nerve head and retinal nerve fiber layer thickness, making glaucoma diagnosis easier. A-scans give
significant information, but using them alone can lead to measurement uncertainty and the
possibility to miss minor structural changes that indicate early glaucoma [1]–[3]. This can also be
done with HVNet operations.
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Abstract

Traditionally, image retrieval is done using a text-based approach. In the text-based approach,
the user must query metadata or textual information, such as keywords, tags, or descriptions.
The effectiveness and utility of this approach in the digital realm for solving image retrieval
problems are limited. We introduce an innovative method that relies on visual content for
image retrieval. Various visual aspects of the image, including color, texture, shape, and more,
are employed to identify relevant images. The choice of the most suitable feature significantly
influences the system's performance. Convolutional Neural Network (CNN) is an important
machine learning model. Creating an efficient new CNN model requires considerable time and
computational resources. There are many pre-trained CNN models that are already trained on
large image datasets, such as ImageNet containing millions of images. We can use these pre-
train CNN models by transferring the learned knowledge to solve our specific content-based
image retrieval talk.

In this chapter, we propose an efficient pre-trained CNN model for content-based image
retrieval (CBIR) named as ResNet model. The experiment was conducted by applying a pre-
trained ResNet model on the Paris 6K and Oxford 5K datasets. The performance of similar
image retrieval has been measured and compared with the stateof-the-art AlexNet model. It is
found that the AlexNet architecture takes a longer time to get more accurate results. The
ResNet architecture does not need to fire all neurons at every epoch. This significantly reduces
training time and improves accuracy. In the ResNet architecture, once the feature is extracted,
it will not extract the feature again. It will try to learn a new feature. To measure its
performance, we used the average mean precision. We obtained the result for Paris6K 92.12%
and Oxford5K 84.81%. The Mean Precision at different ranks, for example, at the first rank in
Paris6k, we get 100% result, and for Oxford5k, we get 97.06%.

Keywords: Content-based image retrieval, Convolution neural network architectures, Transfer
learning.
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Wireless network for Industrial application using 
ESP32 as Gateway

Lopamudra Samal 
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Abstract— Modern lighting systems in industrial 
environments harness the potential of IoT technologies and 
intelligent industry concepts, facilitated by robust WiFi 
networks. These systems seamlessly incorporate WiFi-enabled 
LED lighting, intelligent controls, and real-time monitoring 
capabilities. By capitalizing on the data transmission 
capabilities of WiFi networks and employing advanced 
analytics, industries can make informed decisions, implement 
predictive maintenance strategies, and optimize operational 
efficiency. The seamless integration with other smart industry 
components, facilitated by WiFi network connectivity, allows 
for comprehensive optimization and fosters sustainable 
practices. Ultimately, these cutting-edge lighting systems 
establish interconnected workspaces, empowered by WiFi 
networks, that enhance productivity, improve well-being, and 
demonstrate a steadfast commitment to environmental 
stewardship. In this paper WiFi network is design using 
ESP32 for smart industrial application, All ESP32 node are 
behaving like Gateway . 

Keywords— WiFi Network, ESP32,IIOT 

I. INTRODUCTION

In modern industries, lighting systems have undergone 
significant advancements to prioritize energy efficiency, 
customization, automation, and connectivity [1]. LED 
lighting has become the standard, offering long lifespan and 
cost-effectiveness. Smart lighting control systems integrate 
features such as occupancy sensors, daylight harvesting, and 
remote control capabilities, optimizing energy usage. 
Integration with IoT platforms enables connectivity, data 
collection, and automation [2,3]. Wireless connectivity 
options like Wi-Fi and Bluetooth provide flexibility and 
remote control. Daylighting solutions maximize natural light 
penetration. Task-specific lighting meets specific 
operational requirements. Advanced controls allow for 
customization and adaptability. Energy monitoring and 
management optimize usage patterns and identify areas for 
improvement. Maintenance and performance monitoring 
enable proactive maintenance. Integration with other 
building systems enhances overall management. These 
advancements create well-lit, efficient, and connected work 
environments, improving productivity, reducing costs, and 
enhancing employee comfort and safety [4-6]. 

WiFi-enabled lighting systems in industries offer a wide 
range of advantages through their utilization of wireless 
connectivity. These systems enable wireless control, remote 
monitoring, and centralized management of lighting 
operations. Integration with WiFi networks allows for the 
seamless incorporation of lighting systems with other IoT 
devices and platforms, facilitating intelligent automation 
and optimization. Operators can leverage real-time data and 
analytics to make informed decisions, optimize energy 
consumption, and enhance maintenance practices. WiFi 
connectivity also enables smooth integration with building 
systems, resulting in improved overall efficiency and 
occupant comfort. Ultimately, WiFi networks empower 

industries to establish efficient, adaptable, and 
interconnected lighting systems that foster increased 
productivity and sustainability [7-9]. 

Production and logistics facilities, such as warehouses, 
have a significant impact on the environment, [10,11] 
contributing to greenhouse gas emissions. Heating, cooling, 
air conditioning, and lighting systems account for a large 
portion of these emissions. Lighting, in particular, can 
consume up to 65% of the total energy in warehouses, 
leading to substantial energy costs [12-14]. As global 
electricity production and consumption continue to rise, 
companies are increasingly compelled to reduce energy 
consumption due to resource scarcity, higher energy prices, 
and growing environmental consciousness. Industrial energy 
efficiency initiatives aim to minimize energy requirements 
for providing products and services. In recent years, there 
has been a focus on enhancing energy efficiency and 
adopting renewable energy sources, supported by innovative 
solutions that span from smart homes to smart grids and 
envision the future of smart cities and factories [15]. As part 
of this trend, new lighting technologies have emerged to 
address energy efficiency challenges and improve 
sustainability.  

The rest of this paper is organized as follows; a brief 
discussion about project framework is given in section II. 
methodology is explained in section III.The operation of the 
proposed circuit is discussed in section IV. Results and 
discussion are presented in section V and finally we 
concluded in section VI. 

II. FRAMEWORK

The project framework demonstrates the generation of 
multiple ESP32 nodes by incorporating sensors and electric 
bulbs/LEDs. These bulbs can be interconnected in parallel to 
enhance the overall system performance. Communication 
between the ESP32 nodes is facilitated through the 
utilization of the ESP-NOW protocol, leveraging the Wi-Fi 
capabilities of the ESP32 microcontrollers. This 
communication is established without the need for global 
internet connectivity, ensuring a self-contained network 
environment. 

During the communication process, each ESP32 node 
within the network transmits its unique MAC address, 
enabling identification of the operating node on the display 
unit. This identification mechanism ensures real-time 
monitoring and tracking of the active nodes. It is worth 
noting that the system may encounter various security 
challenges, which necessitate the development of robust 
smart industry security software and hardware solutions. 
Unauthorized attempts to manipulate the network will result 
in the display of the MAC address of the unauthorized 
device, thereby reducing security concerns. 

The display unit also provides insights into the 
communication speed, allowing for assessment and 
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1. Introduction 

During the last decade, the world has seen huge interest in developing and 

understanding the matter of nanometric scale. It has allowed the scientists to develop 

and characterize materials with prominent properties and nanometric sizes. Due to 

the note-worthy properties, exhibited by nonmaterial, they have become centre of 

attention in the scientific community. The fabrication of spinel-structured ferrite 

nanoparticles has been intensively investigated in recent years due to their unique 

physical and chemical properties, as well as technological applications in ferrofluids 

[1], high-density magnetic recording media [2], biomedicine [3] and radar-absorbent 

materials [4].  

Spinel ferrites, MFe2O4 (M = Mg, Mn, Fe, Co, Ni, Zn, Cu, Cd, etc.) are a technologically 

important group of materials. Among different ferrites, magnesium ferrite (MgFe2O4) 

enjoys a special attention because of its vast applications in high density recording 

media, heterogeneous catalysis, adsorption, sensors and magnetic technologies. 

MgFe2O4 is a partially inverse spinel and its degree of inversion is sensitive to the 

thermal history of the sample, microstructure and preparative parameters. 

Nanoparticles of MgFe2O4 have good photo electrical properties [5-7]. To fabricate 

various types of nanoparticles, a large number of methods are used such as physical, 

chemical, biological and hybrid methods. The nanoparticles synthesized using each 

method exhibit particular properties. So, the synthesis of nanostructured materials 

has become a particularly important area of research.  

There are several methods for synthesizing nanosized spinel ferrite particles such as 

hydrothermal, co-precipitation, combustion, sol–gel, precursor, spray drying and 

freeze drying, microemulsion and reverse micelle method [8–15]. To prepare 

nanoferrites with simple routes by using cheap, non-toxic and eco-friendly 

precursors are still the core issue, among other proven synthesis methods [16]. 

Among these methods, the nanoparticles prepared by sol-gel method have been 

studied, although this synthesis provides a quick and easy way to prepare 

nanoparticle, it usually produces sample with large size distribution and less defined 

crystal chemistry.  
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Herein, the purpose of this work is to prepare nanocrystalline Zn doped Mg spinel 

ferrite by a sol-gel method with a low calcination temperature involving low cost 

metal nitrates as raw materials and study of their structural properties. 

2.   Experimental  

Preparation of nanocrystalline Mg0.5Zn0.5Fe2O4 powder was synthesized by the sol-gel 

technique. All chemicals were of analytical grade and were used without further 

purification. The stoichiometric molar amounts of Ferric nitrate [Fe(NO3)3.9H2O], 

Magnesium nitrate [Mg(NO3)2.6H2O], Zinc nitrate [Zn(NO3)2.6H2O] and Citric acid 

[C6H8O7.H2O] were weighed separately with a ratio 0.5M:0.25M:0.5M. These reagents 

were mixed with distilled water and volume made up to 100 ml. The solution mixture 

was stirred and heated at 60oC for 3 h and followed by 80oC, until the mixture 

changed to gel form. The gel was then dried in an oven at 100oC for 24 h. The obtained 

powder was then calcined in a muffle furnace at 700oC for 2 h to improve the 

crystallinity of the prepared material. Finally, brown color powder was obtained. 

Taken solid phase sample was grinded in a mortar to make it powder for further 

analysis. 

The phase confirmation was determined using XRD (Bruker, AXD D8-Discover using 

Cu Kα radiation with an accelerating voltage 40 kV). FT-IR image was recorded using 

3000 Hyperion Microscope with Vertex 80 (Bruker, Germany) to provide information 

about the structural coordination in the powder sample. The TEM image was 

recorded using CM 200 (Philips) with an accelerating voltage of 20-200 kV. 

Appropriate quantity of mixture of organic solvents such as butyl cellulose, butyl 

carbitol acetate and turpineol was added to the mixture of Mg0.5Zn0.5Fe2O4 and a 

solution of ethyl cellulose (a temporary binder). The mixture was then ground to form 

paste. The paste obtained was screen printed onto a glass substrate in desired 

patterns. The thick films so prepared were fired at 500°C for 1 h. Surface morphology 

of thick film was observed by using SEM (JSM-7600F microscope) with an 

accelerating voltage of 0.1 to 30 kV. 

3.   Result and discussions 

3.1 XRD analysis 

The X-ray diffraction pattern of Mg0.5Zn0.5Fe2O4 calcinated at 700oC for 2 h was 

exhibited in Fig. 1. Main peaks were found at 2θ values = 29.90o, 35.21o, 56.58o, 62.14o 

and 73.48o which were identified as corresponding to Miller index (220), (311), (400), 

(511) and (440) respectively (JCPDS card no. 73-2211). The XRD peaks and their 

positions with the calculated lattice parameter confirm that all the compositions 

exhibit single-phase cubic spinel structure with Fd3m space group. No peaks from 

other phases are detected, indicating high purity of the products.  

The average crystallite size (D) was calculated from XRD peaks broadening using the 

Debye-Scherrer approximation, which is defined as 
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      K 

   D   =    βcosθ  (1) 

 

where, D is the average crystallite size, k is a constant equal to 0.9,  is the X-ray 

wavelength and β is the peak full width at half maximum (FWHM) and θ is the angle 

of diffraction.  

However, the lattice constant of as-synthesized ferrite powder was a= 8.421A˚. A 

similar linear variation of lattice constant with Zn content has been observed by El-

Sayed [17] and Kakatkar et al. [18] for M–Zn ferrites with M = Ni, Co, Cu, Mg. The 

average crystallite size was determined from the XRD powder pattern using Debye–

Scherrer formula and was found to be 30 nm.  
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Fig. 1. XRD pattern of Mg0.5Zn0.5Fe2O4 calcined at 700oC. 

 

3.2 FT-IR analysis 

FT-IR spectrum of Mg0.5Zn0.5Fe2O4 nanoparticle was presented in Fig. 2. Vibrations of 

ions in the crystal lattice were usually observed in the range of 4000 - 400 cm-1 in IR 

analysis. Two main broad metal-oxygen bands were seen in the IR spectra relative to 

spinel ferrite compounds. Infrared spectrum shown in Fig. 2 had two absorption 

bands near about 400 cm−1 and 600 cm−1 for octahedral and tetrahedral sites 
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respectively. Waldron [19] attributed the higher absorption band position (600 cm−1) 

to the intrinsic stretching vibrations of tetrahedral complexes and the lower 

absorption band position (400 cm−1) to octahedral-metal stretching because of the 

difference in Fe3+– O2− distances for the octahedral and tetrahedral sites respectively. 

The Mg2+ ions occupy mainly the octahedral sites but fraction of these ions may be 

migrated into tetrahedral sites. This would explain the existence of a weak shoulder 

in the range of 690 –710 cm-1. This confirms that the Mg ferrite has a partially inverse 

spinel structure. 

 

4000 3500 3000 2500 2000 1500 1000 500

0.86

0.88

0.90

0.92

0.94

0.96

0.98

1.00

1.02

4
3
7
.2

1

5
6
1
.9

0

1
0
2
3
.6

4

1
1
6
8
.7

7

1
4
2
6
.9

5

1
6
0
3
.9

2

1
8
0
8
.2

6

2
2
7
0
.7

0

2
9
2
0
.1

2

3
4
4
6
.3

2

3
7
7
8
.3

1

 

 

T
ra

n
s
m

it
ta

n
c
e

 (
%

)

Wavenumber (cm
-1
)

 

Fig. 2. FTIR spectrum of nanocrystalline Mg0.5Zn0.5Fe2O4. 

 

 

3.3 TEM analysis 

The size and morphology of the obtained Mg0.5Zn0.5Fe2O4 nanocrystal was 

characterized by TEM observation. Fig. 3(a) shows TEM image of Mg0.5Zn0.5Fe2O4 

nanoparticle. The corresponding SAED pattern is shown in Fig. 3(b). As can be seen 

from Fig. 3(a) and (b), the prepared product consists of small sized nanocrystals with 

irregular shapes. It appears that a higher temperature reaction favors a particle with 

larger grain sizes, because a higher temperature enhanced the atomic mobility and 

caused the grain growth to result in a better crystallinity. As it can be seen that the 

result estimated from TEM micrograph was in good accordance with the XRD 
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analysis. The selected area aperture used in this study sufficed to reveal all the 

corresponding bright rings of the spinel structure. It was observed that the spot type 

pattern which is indicative of the presence of single crystallite particles and no 

evidence was found for more than one pattern, suggesting the singlephase nature of 

the material. 

 

 

Fig. 3(a). TEM image of nanocrystalline Mg0.5Zn0.5Fe2O4. 

 

Fig. 3(b). SAED micrograph of nanocrystalline Mg0.5Zn0.5Fe2O4. 
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3.4 SEM analysis 

SEM technique was employed for finding morphology of the thick film. Fig. 4 shows 

SEM image of the nanocrystalline spinel Mg0.5Zn0.5Fe2O4. The SEM technique was 

employed for finding morphology of the powder; it shows formation of the 

agglomerated particle. SEM image shows that the sample exhibit large grains 

structure having irregular morphology (polygons) with the presence of soft 

agglomerations.  

 

 

 

Fig. 4. SEM image of nanocrystalline Mg0.5Zn0.5Fe2O4. 

 

3.5 Energy dispersion X-ray analysis 

Energy dispersion X-ray analysis (EDX) was investigated the elemental composition 

of synthesized Mg0.5Zn0.5Fe2O4 thick film. EDX spectrum of the nanocrystalline 

Mg0.5Zn0.5Fe2O4 is as shown in Fig. 5.  The EDX analysis exhibit the presence of Mg, 

Zn, Fe and O and EDX spectrum reveal almost the same ratio of Mg/Zn/Fe for the 

nanocrystalline Mg0.5Zn0.5Fe2O4 as they were actually added during synthesis process. 

Hence, confirms the purity of nanocrystalline Mg0.5Zn0.5Fe2O4. 
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Fig. 5. EDX spectrum for nanocrystalline Mg0.5Zn0.5Fe2O4. 

 

4.  Conclusions 

Zinc doped magnesium ferrite nanoparticles (Mg0.5Zn0.5Fe2O4) was prepared using 

less expensive, environment-friendly and low temperature sol-gel method using 

citric acid as anionic surfactant calcined at 700oC.  XRD pattern reveals that the 

synthesized ferrite consists of nano crystalline particle with average crystallite size 30 

nm. The FT-IR spectrum exhibits main absorption bands around 561 cm-1 and 437 cm-

1 corresponding to the vibration modes of the tetrahedral and octahedral sites 

respectively. The crystallite size from TEM analysis matches well with XRD results 

confirming the usefulness of sol-gel method for the synthesis of nanocrystalline 

Mg0.5Zn0.5Fe2O4. The morphological investigations from SEM showed the sample 

surface is fully covered by grains with irregular shape. The EDX confirmed the 

presence of Mg, Zn, Fe and O with values as per the initial precursor concentration. 
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