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Abstract- Many industrial applications and control systems depend heavily on analogue electrical circuitry. The conventional
method of diagnosing such circuit faults can be time-consuming and erroneous, which might have a severe impact on the industrial
output. The fault detection and analysing of analogue circuits with intelligent effective model is proposed in this work. The suggested
technique primarily consists of two main stages one is extraction of features and the other is classification of faults. The analysis is
performed on the response of frequency in analogue circuits. For extracting features particle swarm optimization (PSO) is utilized.
The PSO is used to evaluate the fitness function of Wilks A-Statistic Filters sallen-key circuit (WSF-SKC). With fault characteristics
retrieved using the particle swarm approach that are carefully selected, the fault classes may be separated more quickly. To categorise
different failures in a benchmark circuit, a Support Vector Machine (SVM) classifier is built. Utilising firefly optimisation, the
classifier is improved. Different fault codes were tested in experiments for defect detection and identification. The findings of the
experiment indicate that this proposed technique can significantly increase the accuracy of fault diagnosis. The accuracy obtained

for WS-LPF is 99.95%, WS-HPF is 99.97 and WS-BPF is 99.90% respectively.
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l. INTRODUCTION
A fault is seen as a mistake that may have unfavourable
implications and the condition of the device or system is
abnormal. If the system or equipment cannot return to a stable
operational condition, it is said to be defective. Analysis of a
system's or device's symptoms, which are frequently
interpreted as departures from typical parameters, is the first
step in fault identification. The system's typical operating
condition must be understood to identify aberrant operations
as said in [1]. Numerous consumer and industrial
applications employ electronic systems. Due to the numerous
and diverse components employed in these circuits, modern
electronic systems continue to expand in complexity [2].
Identifying the defect physically by analysing each circuit's
element is a costly and time-consuming approach because of
how complicated electrical circuits are. It is crucial for
productivity, cost, and time loss that electronic system faults
are fixed as quickly as feasible. Both analogue and digital
circuits make up modern electrical systems. The faults in the
digital systems have a well-organized components structure
of the circuits which makes the process easy to identify as
said in [3]. Finding the problem, nevertheless, can be
challenging in analogue electronic circuits because of the
dependence of signal which is given as input, tolerances of
the components, and the constantly changing behaviour of
these systems by author in [4].

Based on prior knowledge of the system's condition, in
[5] the author suggested about the modelling of systems with
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the help of artificial intelligence. To effectively mimic the
system behaviours, machine learning algorithms often
required a substantial quantity of historical data. Using
discrete Volterra series and an optimum coefficient, in [6]
author describes a fault detection system for analogue
circuits. In the analogue circuits the features are extracted
from the fault data based on different locations for which tests
are conducted.

A defect diagnostic module is created utilising these
characteristics and a condensed closest neighbour method.
With an accuracy of 89.4%, low pass filter circuit is been
tested and diagnosis is performed. The author in [7] presents
a fault-driven test-based support vector machine classifier-
based fault diagnostic method for analogue circuits. The
SVM classifier is trained with the characteristics retrieved
from the utilized circuit depending on the failure of elements
obtained from the response of the output the fault condition
to be located and identified. 90% accuracy is achieved for
problem location is observed while the device is working LPF
circuit which is analogue. A sparse auto-encoder and the
module in neural network are suggested in [8] for fault
detection in energy-efficient circuits. The resultant signal of
the circuit is examined for characteristics using the
autoencoder approach under both normal and abnormal
operating situations. A neural network classifier algorithm is
trained using these characteristics to find out the defects
located in electronics devices. When recognising the issue
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with rectifier circuit in a three-phase, the system has a 90%
accuracy rate.

An attribute extraction method for defect
identification in analogue circuits is suggested by author in
[9]. The properties like information entropy, maximum value
and spectrum energy are extracted by using the
decomposition method like wavelet packets. Fault data
dimensions and normal data dimension are gathered from the
circuits are been reduced by the application of feature
reduction. The replicate selection technique is used to classify
data to identify the defect. The low-pass filter circuit fault
diagnostic test results revealed 99% accuracy. The author in
[10] uses a neural network model to evaluate analogue
circuits. When a known supply signal is provided, the
characteristics are retrieved from the circuit current signal. To
create test data for the quadratic filtering circuitry system
evaluation, Monte Carlo analysis is employed. In [11] the
author presents a deep neural network that uses wavelet
information taken from the output signal to identify faults in
analogue circuits. Having 96% reliability, the system has
been tested on a band-elimination filtering circuitry. In [12]
author suggests using an SVM classifier to categorise faults
in analogue circuits. One of the techniques i.e., wavelet
analysis is utilized for extracting the data from the circuitry
and used for extracting the failures in frequency response
circuits. A high-pass filter circuit fault is located using an
SVM classifier. In [13] a similar technique is suggested
utilising SVM that has been optimised by cuckoo search
optimisation. Based on frequency response data, an SVM
classifier is also utilised to diagnose faults in analogue
circuits. The SVM classifier's evaluation findings reveal an
accuracy rate of 98.7%.

In this paper, to improve the rate of accuracy and
perfection of identifying the faults two end optimization
process is performed. One is features optimization while
performing the feature extraction process for defect detection
in analogue circuits with respect to study of wilks statistic
sallen key filter circuit. The other optimization process is
performed at classification stage to improve the rate of
identification of faults in analogue circuits. The paper
organized as follows, section 2 provides a deep discussion of
the proposed model i.e., the process of feature extraction and
classification. The experimental findings are evaluated in
section 3. Finally, conclusion of proposed model in section 4.

Il. METHODOLOGY

The input signal is examined in the suggested model.
Following testing, Wilks A-statistic feature vectors are used
to process the extraction of features under SKC. Ultilising
PSO, the features have been optimised. These characteristics
are supplied into the SVM for categorization. The firefly
optimisation approach is used to improve the classifier. Fig.1
depicts the suggested model, which is detailed in the section
following.
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Figure 1. Block Diagram of Proposed Model

A. Wilks A-Statistic Sallen-Key Circuit

To assess the variables' ability to discriminate across different
classes of samples, the Wilks statistic was established in the
multivariate statistical analysis. For detecting faults in
analogue circuitry, a wilks statistic features extraction and
selection of features process is performed in this study. The
feature vectors are evaluated and the variables are selected

depending on the wilks statistic and is given in equation (1)
wl _  Iwl

A= 01 = Taewl

(1)
A(my has a range of [0, 1] in accordance with the parameters
W and B are represented as sum of square matrix within the
class of samples selected and deviations within the samples
selected. T is termed as total deviation within the samples
selected.

W =3, 55 (ry — B) ey — X)T

(2)

B=Y_ k(@-DE-D"

A3)

The total fault samples classes are termed as ‘g’, for the
it" fault the sample feature vector is represented as k;, and
the feature vector of j™ for i*" fault is termed as x;;. The
mean of the sample vector features of i class is x; and the
overall mean is termed as x.

The common frequency spectrum equation for a the second-
order LPF is:

K
Hpp =

(L) 4
“

Here the term “fc’ is the frequency distributed at corner and

Factor of quality nis termed as Q. If f < f; then H;p = k in

this case the signal passing the circuit is multiplied by the gain

factor K. If f = f, then H;p = —jKQ in this case the signal

passing the circuit is upgraded by the quality factor Q. If f >
2

fe then H;p = —k (%) in this case the signal passing the

circuit is attenuated w.r.t the square of frequency parameter

ratio. If the attenuation hiked by a power factor ‘2’ then the
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equation (4) is termed as second order LPF. The low pass
SKC is shown in Fig.2.
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Figure 2. Low-Pass Sallen-Key Circuit
The transfer function of ideal low pass sallen key filter is,

1
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)
The high pass SKC and band pass SKC diagrams are shown
in Fig.3 and Fig.4
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Figure 3. High pass Sallen-key circuit

HP Filter

azm
i
i

Ve SV

U1 TLVe062

€210

RLIOK  RZ10K J

Figure 4. Band pass Sallen-key circuit

B. Particle Swarm Optimization Algorithm

This algorithm is introduced in the year 1995 by the author in
[15] and was motivated by the soaring bird

foraging habit. The PSO algorithm's main goal is to find the
optimum solution through knowledge sharing and group
participation.
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(6)
k+l = xk g plert

X

(7

A massless particle having the velocity and position
characteristics of a bird in a group of population and this
process is existing in the form of PSO. Every particle tries to
obtain the best position in the search space The current best
position of the particle is share with other particle so that the
position of particle will be updated w.r.t to the velocity of the
particle. The velocity and position of particle are evaluated
using equation (6) and (7) given below.

Finally, by sharing the update new position among the particle
the global best solution will be obtained at the end of specified
iterations.

For every iteration one fitness function is evaluated and
is used to compute the fitness value of the particle. After
identifying the two extreme points the speed and location of
particle is identified using the above equations 6 and equation
7.

The velocity and position of it" particle at k" is termed
as v¥*1 and xf*! respectively. Here ¢; and ¢, termed as
factor of learning, the best position of the it" particle is
termed as p; and the optimized global best position is given
as py,the random numbers are given as r; and 7. The range
varies of these numbers vary from 0 to 1 and the inertia factor
is termed as w (k).

The PSO algorithm's capacity for global optimisation is
strong if the value of w is high. In contrast, the PSO
algorithm's capacity for local optimisation is great if the value
of w is low. The value of w is continuously updated
depending on the performance monitoring function of
suggested optimization technique is to suit in the real time
applications. The method regularly used in these analogue
frequency circuits (AFC) is linear decrement weight (LDW)
methodology and is given as,

— (Wini—wWend) (Gx—k)
Gk

w + Weng

®)

From equation 8, the term G, is the iterations with
maximum in number, inertia weight at initial stage is termed
as wip;, while iter max the inertia weight is said to be wepq.

The straight forward implementation nature of PSO
helps in obtaining higher rate of accuracy in results.

C. Feature extraction process using PSO

Analogue circuit fault diagnosis is primarily concerned with
locating of the faults in the input signal. The faults feature in
the analogue circuits can be identified using frequency
response signals rather than time response signals. The
information of the signal in time domain i.e., signal sources
and interferences are often designed, where as in frequency
domain there is loss of data due to its frequency distribution.
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Figure 5. Process flow for extraction of features

The data in frequency domain need to be rearranged into
compact form for data analysis. To overcome the problem
features vectors are extracted that are present in the signal
with frequency response. Additionally, the feature vector's
variables' units vary, which leads to various normalisation
standards for every variable.

The approach chosen in this work in extracting of
features using PSO technique along with WSL-SKC. By
using the suggested model, the feature vectors are extracted
from the frequency response analogue circuits. This approach
described above does not use the conventional frequency
characteristics of the analogue circuit. In contrast, the PSO
method optimises the feature vector's variables within the
range specified for the frequency. We offer a generic
technique for building the vectors related with the frequency
response. The features vectors of the wilks- statistic SKC is
considered as the fitness function and is used in PSO
technique. The feature vectors achieved will impact the
process of classification, to achieve best position of particles
the fitness function is supposed to evaluate. The process of
initiating the PSO and obtaining the best optimal output is
shown in Fig.5. The PSO parameters are initialized and
fitness for each particle is calculated and find the best optimal
position by updating the positions until global best solution is
obtained. The following are the precise phases of the vector
feature selection approach involved in 6-stages:
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Stagel: Set up the PSO algorithm's variables, such as the
particle's position and speed, the ideal range, iterations to be
performed, and the size of the population of swarms.

Stage2: Map each particle's bidirectional location to the
feature vector's changeable number sequence. Using
equations from (1) to (5) for evaluating the fitness value,
determine the Wilks -statistic for vector features for the
population of swarms

Stage3: Compute the global ideal location of the population
as well as particles individual position

Stage4: the position of particle needs to be updated in the
population initiated using equations (7) and (8).

Stage5: satisfying the end condition else repeat stage2 to
stage4.

Stage6: Because of extracting the features, output the feature
vector that corresponds to the global optimum location.

D. Fault Classification Process using FA-SVM

In SVM kernels play important role and shows the impact on
the process of classification. In this phase, the Firefly
Algorithm (FA) is used to determine the SVM's ideal
hyperparameters, and the training sample set S is utilized to
develop the classification approach of the SVM.

During the process of proposed FA optimization, the
kernel parameters of SVM is transformed to 2D position for
the selected population of fireflies. In this process the fitness
function selected is from the sample set ‘S’ and obtaining the
maximum value of fitness function. Fig.6 depicts the step-by-
step procedure for creating the FA-SVM classifier for
diagnosing analogue circuit faults. The fireflies are initialised
and the fitness function for each firefly is evaluated. The
brightness concept is considered by which the flies get
attracted and update the position until obtaining the global
best solution. The following are the precise methods for
building the FA-SVM classifier for diagnosing analogue
circuit faults:

Stagel: Set the FA settings, such as the range of senses,
intensity of light, and attraction, as well as population of
firefly and iterations.

Stage2: kernel parameter of SVM is mapped to each firefly's
two-dimensional location, and the training sample set's
diagnostic accuracy is chosen as the fitness value. Then figure
out each firefly's fitness value.

Stage3: Each firefly looks for the firefly that is the brightest
in its field of vision.

Stage4: the position of every firefly needs to be updated
among the population

StageS: satisfying the end condition else repeat stage2 to
stage4.

Stage6: Optimized results are achieved for the parameters of
kernel function utilized in SVM

Step 7: By training the sample set S, create a defect diagnostic
classifier based on the optimisation findings.
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Figure 6. Process of classification using FA-SVM

I11. EXPERIMENTAL FINDING

A Sallen-Key filter circuits such as low pass (LP), high pass
(HP) and band pass (BP) is utilised as the experimental
circuits to test the efficacy of the suggested analogue circuit
defect diagnostic approach based on FA-SVM employing
frequency characteristics. The likelihood of a single-fault
condition occurring in an analogue circuit is far higher than
the likelihood of a double-fault condition. The same
technique can be used for both single and double faults
conditions. Therefore, the fault diagnostic technique
indicated above is evaluated using the single-fault situation of
two test networks.

Fig. 2 depicts the first functional Sallen-Key low pass
filter circuit. C1, C2, R1, R2, R3, and R4, are deemed
important components based on the sensitivity assessment of
the circuit's elements. The value of the component in the
circuit should not get deviated more than 50%, if value is
higher than 50% the component in the circuit is said to be
defective and fault is present.

Table I. Faults values of the proposed SKC- LP

Fault Code| Fault Class| Nominal Value Fault Value
FO NF
F1 c11 InF 2nF
F2 c1l InF 0.5nF
F3 c21 1nF 2nF
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according to the tolerance range.

Table II. Faults values of the proposed SKC- HPF

Fault Code| Fault Class| Nominal Valud Fault Value
FO NF
F1 c11 1nF 1.5nF
F2 c1l InF 0.8nF
F3 c21 1nF 1.4nF
F4 c2l InF 0.86nF
F5 R17T 1ko 1.45ka
F6 R11 1ke 0.54ka
F7 R2 1T 1ko 1.5ka
F8 R2 1 1ke 0.75ka
F9 R3 17T 2ko 2.3ka
F10 R31 2ko 1.6ka
F11 R4 T lka 1.7ka
F12 R4l 1ko 0.8ka
Table II1. Faults values of the proposed SKC- BPF
Fault Code| Fault Class| Nominal Value Fault Value
FO NF
F1 c17t 2.2nF 2.5nF
F2 c1l 2.2nF 2nF
F3 c21 1.1nF 1.4nF
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Table I11. Identification of Fault class for WS-Low pass

filter
Rate of Accuracy
Fault Class %)
F4 99.20
Others 100
Average 99.95

F4 c2) 1.1nF 0.8nF
F5 R17T 10ke 10.4ka
F6 R11 10k 9.72ka
F7 R27 10ko 10.3ke
F8 R2 1 10k 9.82ka
F9 R3 7T 1llkoe 11.5ka
F10 R31 11ko 10.7ka
F11 R4 T 23ko 23.7ka
F12 R4 | 23ko 23.6ka

The dataset utilized for classification is created by
considering 100 samples for every defect class. The sample
set ‘S’ is divided randomly for the purpose of testing and
training in SVM classification process. The sample set ‘S’ is
given with an assumption of ‘k’ class of faults need to be
identified and is given as S = {S;, S5, ....., Sk }. Data utilized
for training and testing in the ratio of 70:30. The test results
are evaluated using the matlab software tool. The SKC
response using different filters in frequency domain is shown
in Fig.5 which is a no-fault simulation results obtained while
performing simulation in matlab.

I

Hlatistics

Wil
i
— —

1 a0 =7 BT m )
FEreEionE

Figure 5. Convergence curve using different filters

The experimental circuit's useful frequency range may be
calculated from Fig. 5 to be between 0.1 kHz and 1000 kHz.
Using the PSO feature extraction technique suggested in this
work, the feature vector variables are chosen within this
range. Experience has led to the selection of 3 as the feature
vector dimension, 10 as the particle population size, 100 as
the maximum number of iterations, and 0.1 to 1000 kHz as
the optimisation range.

The kernel function which is evaluated using the SVM-
FA for the diagnosis of faults is constructed for the circuitry
evaluation. The faults and its values using the Low-Pass
Sallen-Key Circuit is tabulated in Table III and IV

IJRITCC | November 2023, Available @ http://www.ijritcc.org

From table III it is observed that fault class F4 have lower
accuracy rate when compared to others. Here one of the test
data of F4 fault class is incorrectly identified as other faults
class like F2 or F7 or F9.

Table IV. Accuracy obtained using for WS-Lowpass filter

Method /\nggfcy
SALLEI\é = I\I;EY with | ge o9
PSO — \/Svﬁrl;lé\E/ll\\I/I_ KEY | 99.919
SALLFEAI\\I:ST/FR;I/ with 1 g9 955
PSO i 2@%6“7 with 99.95

The overall accuracy in identifying the fault class using the
proposed model is shown in table V and the accuracy values
obtained using different methods on WS-High pass filter is
shown in below table VI.

Table V. Identification of Fault class for WS-High pass filter

Fault Class prate Of((;:) ;curacy
F4 99.54
Others 100
Average 99.97

Table VI. Accuracy obtained using for WS-High pass filter

vetnod | AeEurey
SALLEN _KEY With | oo or
PSO - vsvﬁrl;lé\E/ll\\l/f KEY | 99.923
SALLEN-KEY With | oo 030
PSO_SALLENWI | g0 o7,

The accuracy values obtained using WS-Band pass filter is
shown in below table VII and VIII
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Table VII. Identification of Fault class for WS-Band pass

filter
Fault Class Rate Of((;z ;:curacy
F5 99.14
F8 99.25
Others 100
Average 99.905

Table VIII. Accuracy obtained using for WS-Bandpass filter

Method AC((:;:;lcy
SALLEI\é ; '\l;EY with 98.87
PSO — v?,ﬁrlflé\E/ll\\l/l_ K.EY 99.885
SALLFEA\I:ST/ENT With 1 g9 gg
PSO : ASéLSIKI/EI\T with | 99 905

To account for the component tolerance impact, we only
employed two adjustable resistors and one adjustable
capacitor in our experiment. Additionally, an adjustable
fault-free component's parameter value is selected at random
within 10% of its nominal value.

5 6 7 8 9 10
Frenquency(Hz) ¥ 10°

Figure6. Response of SK-BPF w.r.t to 10% tolerance effect

Finally, the proposed model accuracy values are compared
with other existing methods and are tabulated in table IX
Tabel X. Comparison of accuracy results using different
exiting techniques

Accuracy
Method (%)
Wavelet coefficient for 93.1
extracting features [16] '

Kurtosis and Entropy

model [17] 98.6
Lifting wavelet model

[18] 99.2

Proposed Model 99.905

IJRITCC | November 2023, Available @ http://www.ijritcc.org

IVV. CONCLUSION

A unique approach is created for the extraction of features and
classification of faults stages to address the problems with
fault detection for analogue circuits. Wilks' -statistic, one of
the key metrics for determining variables in multivariate
statistics, may assess the variable discriminatory capacity.
Therefore, the Wilks -statistic is employed as the foundation
for the extraction and choice of features and is utilized for
diagnosis of faults in the analogue circuits with frequency
response. PSO combined with WSF-SKC is utilized for the
process of extracting the features. The approach is tested on
low pass, high pass and band pass filters. The suggested
extraction of features approach may ideally choose a
collection of unit homogeneous feature vectors without
superfluous data. The faults identification is done when the
kernel function parameter in SVM is optimized using the FA.
The fault detection approach developed in this study has a
diagnostic accuracy of 99.97% for the SKC when FA-SVM
optimisation techniques are used. The approach suggested in
this project has benefits over other ways. The results of the
experiments demonstrate that the suggested approach
enhances the analogue circuit's dependability and
maintainability and offers a superb remedy for the problem of
diagnosing analogue circuit faults. Further, the PSO
technique can be combined with many other techniques like
neural networks, fuzzy logic systems to achieve a solution for
the specific problem.

CONFLICT OF INTREST

The authors declare no conflict of interest

AUTHOR CONTRIBUTIONS

R. Gurunadh conducted the research work, collected the data,
and wrote the paper. Dr. K. Babulu supervised the work and
approved the final version.

REFERENCES

[1] Z. Gao, C. Cecati, S.X. Ding, “A survey of fault diagnosis
and fault-tolerant techniques—Part I: Fault diagnosis with
model-based and signal-based approaches,” IEEE Trans.
Ind. Electron. 62, pp.3757-3767, 2015.

[2] S. Grid, “Fundamentals of Design and Analysis,” CRC
Press: Boca Raton, FL, USA, 2016.

[3] A. Pavlidis, M.M. Louérat, E. Fachn, A. Kumar, H.G
Stratigopoulos, “SymBIST: Symmetry-Based Analog and
Mixed-Signal Built-In Self-Test for Functional Safety,”
IEEE Trans. Circuits Syst, 68, pp.2580-2593, 2021.

[4] D. Binu, B. Kariyappa, “A survey on fault diagnosis of
analog circuits: Taxonomy and state of the art,” AEU-Int.
J. Electron. Commun. 73, pp.68-83, 2017.

[5] A.H Sodhro, S. Pirbhulal, V.H.C De Albuquerque,
“Artificial intelligence-driven mechanism for edge
computing-based industrial applications,” IEEE Trans.
Ind. Inform, 15, pp.4235-4243, 2019.

[6] Y.Deng, Y. Zhou, “Fault Diagnosis of an Analog Circuit
Based on Hierarchical DVS”, Symmetry 2020, 12, 1901.

4765


http://www.ijritcc.org/

International Journal on Recent and Innovation Trends in Computing and Communication
ISSN: 2321-8169 Volume: 11 Issue: 9
Article Received: 25 July 2023 Revised: 12 September 2023 Accepted: 30 September 2023

[7]

(8]

[11]

[12]

[13]

[14]

[15]

[16]

D. Grzechca, J. Rutkowski, “Fault diagnosis in analog
electronic circuits-the SVM approach,” Metrol. Meas.
System, 16, pp.583—598., 2009.

R. Han, R. Wang, G. Zeng, “Fault Diagnosis Method of
Power Electronic Converter Based on Broad Learning
Complexity, pp.1-9, 2020

Y. Wang, Y. Ma, S. Cui, Y. Yan, “A novel approach of
feature extraction for analog circuit fault diagnosis based
on WPD-LLE-CSA,” J. Electr. Eng. Technol, 13, pp.
2485-2492, 2018.

G. Zhao, X. Liu, B. Zhang, Y. Liu, G. Niu, C. Hu, “A
novel approach for analog circuit fault diagnosis based on
deep belief network Measurement,” 121, pp.170-178,
2018.

A. Verma, AK Yadav, P. Bharti, “Analog Circuits
Testing Using Monte-Carlo Analysis and Neural
Networks,” Int. J. Eng. Res. Technol, 1, pp.1-8, 2012.

D. Chen, “Fault classification research of analog
electronic circuits based on support vector machine,”
Chem. Eng. Trans., 51, pp.1333—1338, 2016.

X. Yu, A. Zhang, W. Mu, X. Huo, “Fault Diagnosis of
Analog Circuit Based CS SVM Algorithm,” In
Proceedings of IEEE 9th Data Driven Control and
Learning Systems Conference (DDCLS), Liuzhou, 2020;
pp. 427431, 2020.

T. Gao, J. Yang, S. Jiang, C. Yang, “A novel fault
diagnostic method for analog circuits using frequency
response features,” Rev. Sci. Instrum., 90, pp.104-08,
2019.

R. Eberhart, J. Kennedy, “A new optimizer using particle
swarm theory,” in: Proceedings of the Sixth International
Symposium on Micro Machine and Human Science, pp.
39-43, 1995.

M. Aminian and F. Aminian, “Neural-network based
analog circuit fault diagnosis using wavelet transform as
preprocessor,” [EEE Transactions on Circuits and
Systems I1: Analog and Digital Signal Processing, vol. 47,
no. 2, pp. 151-156, 2000.

Balasubramanian, S., Raparthi, M., Dodda, S. B,
Maruthi, S., Kumar, N., & Dongari, S. (2023). Al-Enabled
Mental Health Assessment and Intervention: Bridging
Gaps in Access and Quality of Care. PowerTech Journal,
47(3), 81. https://doi.org/10.52783/pst. 159

L. Yuan, Y. He, J. Huang, and Y. Sun, “A new neural-
network based fault diagnosis approach for analog circuits
by using kurtosis and entropy as a preprocessor,” [EEE
Transactions on Instrumentation and Measurement, vol.
59, no. 3, pp. 586595, 2010.

G. Song, Wang, and S. Jiang, “Analog circuit fault
diagnosis using lifting wavelet transform and SVM,”
Journal of Electronic Measurement & Instrument, vol. 24,
pp. 17-22, 2010.

IJRITCC | November 2023, Available @ http://www.ijritcc.org

R. Gurunadha currently working as
Associate Professor, Department of
ECE in JNTUGV College of
Engineering Vizianagaram. His areas
of interest are VLSI and Embedded
System.

Dr. K. Babulu, Professor of ECE,
INTUGV College of Engineering
Vizianagaram is presently guiding
Fifteen research scholars in the fields
of VLSI, Embedded systems & Signal
Processing. He served as an academic
supervisor to more than 85 Master
Degree dissertations towards the
award of M. Tech Degree. He has
published 30 research papers in

reputed national and international Journals. He shared his
research experience on about 40 national and international
conferences, workshops, seminars, and symposia. He is a
member of professional bodies such as ISTE (Life Member),
IE (Fellow), IETE (Fellow) and IEEE Member.

4766


http://www.ijritcc.org/

