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Abstract

Predictive maintenance of industrial equipment is necessary for reducing unplanned downtime,
reducing repair expenditures and maintaining the competitiveness of a firm. Spontaneous
break-downs of induction motors can cost millions in lost revenues. A conventional reactive
maintenance approach and time based preventive maintenance techniques can be too late to
be useful or wasteful of resources, whereas today’s data-driven predictive maintenance PdM
can predict faults before they happen. We have created and evaluated three deep-learning
architectures for PAM of three phase induction motors a pure temporal long short-term memory
(LSTM) network, a fuzzy-logic adaptive network based fuzzy inference system (ANFIS) model,
and a new end-to-end hybrid of ANFIS and LSTM.

We built six-sensor data streams (three-phase currents, three-phase voltages, vibration,
temperature and speed) into historical and current time sliding windows, and marked four
fault classes: normal, bearing, mechanical, and winding. After separating train/test partitions
in a stratified manner, we trained and evaluated based on accuracy, precision, recall, F1-score,
and confusion matrix. The hybrid ANFIS+LSTM model combines interpretive fuzzy inference
and rapid temporal feature learning in such a way as to both rapidly converge and robustly
generalize, reached near perfect fault detection performance. By combining ANFIS and LSTM in
an end-to-end design, we were able to combine fast temporal feature learning with interpretable
fuzzy rules. The model achieved 98% convergence in fault detection, with rapid convergence

and consistent accuracy across all types.

Keywords: Predictive Maintenance PDM, Induction Motor, ANFIS, LSTM, Deep Learning, Fault
Detection, Fuzzy Logic, Preventive Maintenance (PM), Reactive maintenance (RM) , Machine

Learning.
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General Introduction

1 Introduction

Maintenance is a very important function when it comes to industry since it has a direct impact
on cost, reliability, and the competitive advantage obtainable. Unplanned failures of equip-
ment can cause severe financial and reputational damage such as happened with Amazon’s
49-minute outage in 2013 which resulted in a $4 million cost to the company. Data centers
lose an estimated $138,000 hour when down. In addition, regular maintenance costs can take a
significant share of operating budgets or overall costs, such as the category of offshore wind
which incurs between 20% and 35% of revenue on maintenance with oil and gas industries
reaching upwards of 70% of production costs so it is critical that companies establish a very
clearly defined maintenance strategy which can minimize unforeseen downtime, enhance

reliability, and provide costs of maintenance across the overall cost of operations.

The development of modern methods ( the Internet of Things, sensor technology, artificial
intelligence, and others) reflects a shift in maintenance strategy from reactive maintenance
(RM) to preventive maintenance (PM) and then to predictive maintenance (PdM). This means
that RM is implemented only to restore operational equipment. It is a measure of the physical
condition of equipment after a failure, and therefore tends to result in high repair costs due to
reactive maintenance and low response time. Periodic maintenance (PM), on the other hand, is
implemented according to timed or continuous iterations of the process, leading to disaster
(because the latter can lead to unnecessary maintenance costs and high prevention costs). PAM
seeks to strike an ideal balance between the two. It is based on an electronic assessment of
"condition" and can assist in timely interventions before failure. PdM allows maintenance
frequency to be kept as low as possible, avoiding unscheduled routine maintenance without

incurring additional maintenance management costs.[1]]

Reactive Preventive
Maintenance Maintenance

A
S0

Predictive
Maintenance

Figure 1: Predictive Maintenance (PdM) Stages.
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2 Problematic

Industrial AC systems are prone to multiple challenges, which have anadverse effect on op-
erational efficiency and cost-effectiveness. Nobody wants unplanned downtime caused by
unexpected failures, but with traditional maintenance,the process falls either toward “too
much” preventive maintenance that slows down production or “too little,” with the reactive
repair needed after something breaks down. Additionally, defective parts in thesesystems can
lead to technology misfires, where energy consumption soars but efficiency drops, placing
double the load on operational bottom lines. Moreover, insufficient fault diagnosis not only
endangers safety, but also threatens the safety of expensive equipment, while the largeamount
of sensor data generated makes it difficult for traditional methods to extract meaningful insights.
Intelligent predictive maintenance using deep learning addresses these issues by continuously
analyzing real-time data, accurately forecasting potential failures, and optimizing maintenance

schedules, thereby enhancing reliability, reducing downtime, and improving energy efficiency.

3 Motivations

Intelligent predictive maintenance using deep learning techniques has gained momentum as
an emerging technology in industrial AC conditioning systems, driven by the need to improve
equipment performance and reduce operating costs. This new approach has encouraged com-
panies that suffer from unplanned downtime, resulting in lost revenue and production, as well
as negative brand impact. Furthermore, you can adopt a more proactive, data-driven approach
to achieving your goals, moving away from traditional reactive or preventive maintenance
strategies, to determine the most appropriate approach to improve equipment performance,
reduce energy consumption, and extend its lifespan. Deep learning integration at the plant level
also addresses the challenge of processing massive amounts of sensor data to provide more
accurate failure detection with timely interventions that ensure safer and more sustainable

operations.

4 Contributions

This proposed thesis presents a technique that uses deep learning methods to classify and detect
faults in three-phase motors used in industrial processes in AC systems. Using state-of-the-art
sensor data acquisition techniques, data signal processing, and the latest developments in
deep learning for near-real-time fault prediction, this methodology not only identifies faults in
operating systems but also provides a rapid method for monitoring them. This methodology
leverages this information to provide an accurate and stable fault detection solution, improving
system reliability, reducing unplanned downtime, and simplifying maintenance schedules. This

research represents a significant advance over traditional maintenance strategies, paving the
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way for more efficient and cost-effective industrial operations.

To achieve our objectives, we employed the following methodology:

1- LSTM-Based Deep Learning: This part of the methodology uses Long Short-Term Memory
(LSTM) networks to analyze time-series sensor data collected from industrial AC systems. As
LSTM networks are good for capturing temporal dependencies, the model learned to recognize
weak patterns and early footprints of probable faults over time. After analyzing the data using

deep learning the system can spot anomalies that traditional analytics would overlook.

2- Diagnosis by ANFIS: Diagnosis by ANFIS So Fuzzy rule base boosted by Neural Networks
(NN) combine the advantage of both Fuzzy rule base and a Neural Network. This method
addresses the inherent uncertainty and non-linearities in sensor data which allows the system
to interpret complex input patterns and provide an accurate fault diagnosis. This makes ANFIS

a more accurate and adaptive detection process.

3- Integration of ANFIS and LSTM: By knowing the two types of techniques have distinct
merits and provide more complementary benefits, the method adopts synthesizing the output
from LSTM-based deep learning model and ANFIS diagnosis. The integration level logic of com-
bining the strong temporal capabilities of LSTM with the Fuzzification and rule-based features
of ANFIS enables the high accuracy and reliability of the fault detection framework.Through
this fusion process, it confirmed that the final prediction combines the advantages of both
techniques and thus be an effective and reliable solution for detecting faults on AC systems

using induction motors.
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1 Introduction

In the 21st century, smart manufacturing, or Industry 4.0, has been developed through the
convergence of cyber-physical systems and advanced computing infrastructures such as cloud
computing, big data analytics, other Internet of Things (IoT) platforms or frameworks, and

artificial intelligence (AI).

This leverages systems capable of responding in real time to dynamic, real-time conditions
on the factory floor and/or supply chain, as well as changes in customer requirements across
the manufacturing ecosystem. However, many of these interactions involve human resources,
physical assets, and intangible assets, and processes require massive amounts of data generated
throughout their entire life cycle. This data, when processed through pre-trained Al algorithms,
significantly impacts decision-making, contributes to proactive strategies, and defines processes
for production line optimization, leading to business optimization. Various Al technologies
have been widely applied to extract valuable insights from multivariate data, reduce operational
complexity, and identify critical relationships between processes. This enables manufacturers
to forecast production trends, reduce variances, and improve overall productivity and product

quality.

Al also plays a pivotal role in predictive maintenance, continuously monitoring equipment
performance and analyzing sensor data to identify early indicators of potential failures. This
enables timely maintenance interventions that reduce unplanned downtime, minimize repair
costs, and extend the life of critical machinery. By leveraging historical data and knowledge
gained from previous operational decisions, Al not only complements existing knowledge but
also delivers actionable insights that advance traditional production line management to create

smart, adaptable, and highly efficient environments. 2]

Advanced
Computing
Enablers of data
processing and Al Al
Technologies

Foundation of
digital-physical
integration

/—0§°
[ ]
Fuel for Al and
Core of Industry 4.0 decision-making

Figure 2: Smart Manufacturing Ecosystem.

Tools for insights
and optimization
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2 Based on PHM Systems for Predictive Maintenance

Predictive maintenance (PdM) uses prediction and health management (PHM) systems to
repurpose raw data from sensors into actionable information for continuous equipment health
monitoring and maintenance. By periodically measuring, collecting, and analyzing operational
information, as well as physical parameters such as vibration, temperature, pressure, and flow
rate, PHM systems help accelerate fault detection and condition-based estimation of an asset’s

remaining useful life (RUL).

This comprehensive data set is analyzed by machine learning algorithms and statistical
models to evaluate and predict failure patterns for scheduling and planning maintenance
and repair activities. This combined approach helps reduce unplanned downtime, lower
maintenance costs, and enhance overall safety and reliability by intervening with maintenance
support before significant issues arise. Ultimately, the concept of predictive maintenance (PdM)
is essential to any rational combination of smart sensors, network based data collection, and

cloud-based analytics integrated into a PHM approach.[3]]

1 Sensorinstallation on machines m E -‘

! and connection to laT platform @
[
. 2 feal-time data stream via sensors
[ ] { ] - |
m) w

—‘. Data monitoring to make sure machines are in
— .healthv condition

Automated
Maintenance
6 Automatic maintenance ticket

Proactive alerts of future generation for production scheduling,

maintenance needs maintenance task scheduling and

ML builds models using historical

technician assignment. Operator only

. data to predict failure

has to approve tickets
Augmented Intelligence Augmented behavior

Figure 3: PAM process and technologies to drive PAM.
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3 The Role of Artificial Intelligence in Predictive Maintenance

Predictive maintenance (PdM) using artificial intelligence (Al) involves assembling intelligent
algorithms to monitor, analyze, and predict the condition of machines using data from sensors.
First, on machine tools during operation, external sensors (such as speed, vibration, tempera-
ture, and tension) are installed to form raw analogy signals that reflect the machine’s operating
condition. These signals are first filtered in time or frequency domains to capture condition

information, using noise and all unwanted frequency components.

These "features" serve as "inputs" for Al models that can be taught using different learning
methods supervised, unsupervised, or reinforcement. In supervised learning, models learn from
labeled data (e.g., data with normal or faulty states), while unsupervised learning identifies
patterns within data without relying on predefined labels. Reinforcement learning leverages
reward-based learning to improve decision-making. Simply put, once trained, the Al model,
called "Oncetrained," can estimate the current or future health status of machines based on real-
time data, enabling early detection of faults, reducing unexpected downtime, and optimizing
maintenance strategies. Thus, Al plays a vital role in revolutionizing traditional maintenance

methods toward intelligent, data-driven systems.[4]]

- | Feature | sing | Predicted
SEensors :I DAQ ﬂ Filtering i 5 MLmodel | Results
[ ™ ™ ™ Extraction J | . )
Labels |

Machines

Figure 4: The procedure of PAM using supervised learning algorithms.
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4 Machine Learning

Machine learning has become increasingly important for organizations hoping to use their data
to make better decisions and increase their efficiency. Machine learning provides the ability
to create systems that read data and learn patterns and behaviors, compared to traditional
programming that relies on explicitly coded instructions. Various forms of algorithms are used
in this data-driven approach, where the process is iterated multiple times to learn and improve

for increased efficiency.

Machine learning is a type of artificial intelligence that uses data to learn and improve
performance over time. These "models" embody the "relationships" and "knowledge" extracted
from data, enabling systems to complete tasks such as classification, regression, anomaly
detection, and prediction. As a result, machine learning plays a pivotal role in the development
of intelligent systems across a wide range of fields, from business analytics to industrial

automation and predictive maintenance.[5]

Applications Algorithms
Data-driven
Tasks Approach
Models

Figure 5: Machine Learning Overview.

4.1 Machine Learning-Based Fault Detection and Diagnosis (FD/D)
Methods for Induction Motors (IMs)

Compared to other types of electric motors, induction motors (IMs) are the most widely used
in industrial applications due to their robustness, simplicity, low cost, and high-performance
characteristics. However, as with all electromechanical systems, induction motors can be
subject to various types of failures, such as electrical failures (e.g., stator and rotor winding

failures) or mechanical failures (e.g., bearing failures, broken rotor bars, and eccentricity).

Timely and accurate detection of these problems (FD/D) has become critical to prevent un-

15
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expected breakdowns, reduce maintenance costs, and ensure operational efficiency. Traditional
fault diagnosis methods often rely on manual inspection or rule-based systems, which may not
perform efficiently with the complexity and scale of contemporary manufacturing environ-
ments.To address these limitations, machine learning (ML) techniques have been proposed as
effective tools for accurate analysis and diagnosis (FD/D) of manufacturing machines. It is a
gap-based approach to learning patterns associated with normal and faulty engine conditions
from large amounts of sensor data, such as vibration signals and motor current measurements.
Data collected from faulty structures can be processed in real time using algorithms such
as support vector machines (SVMs), artificial neural networks (ANNs), k-nearest neighbors
(kNNs), decision trees, and clustering methods. These algorithms can be trained to detect and

classify faults with high accuracy.

The convergence of artificial intelligence and condition-based maintenance (CBM) strategies,
particularly with regard to motor current signature analysis (MCSA), enables real-time, non-
intrusive monitoring of the health of information management systems. As a result, machine
learning-based FD/D methods are now an essential component of intelligent maintenance
systems in industry, and investigations into FD/D are informing the industry 4.0 of predictive
maintenance strategies that address time with greater reliability and performance for industrial

activities.[6]]

Machine
learning
Supervised Unsupervisad . Reinforcement
learning learning learning
. ’

l | | | I | |

Instance-
S‘E&p::r Decision :a"::é based Genetic (AINN Bayesian Naive Esi:':;;:e'j Simulated
il trees et If:r:m; algorithm NN Bayesian functions || @Pnealing

Inductive Leamning Meural Networks  — Bayesian approach

Figure 6: Classification of main ML techniques.

4.2 Fault Detection and Diagnosis (FD/D) Based on Multi-Agent Sys-
tems (MAS) Employing Machine Learning Classifiers

Modern smart manufacturing has revolutionized the design and implementation (FD/D) process
by integrating multi-agent systems (MAS) and machine learning (ML) classifiers. MASs consist
of autonomous intelligent agents capable of collaboration, communication, and real-time de-
centralized decision-making, providing a flexible and modular approach to managing complex

systems. In predictive maintenance (PdM), MASs monitor and diagnose failures decentrally by

16
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assigning each agent to a specific machine component or failure condition.

These agents are often trained using machine learning classifiers such as artificial neural
networks (ANNs), support vector machines (SVMs), k-nearest neighbors (kNNs), and multi-
layer perceptrons (MLPs) to identify and estimate failure conditions from sensor data. For
example, in various types of actuators, agents can read rotor and stator conditions using data
collected from motor current signature analysis (MCSA) using fast Fourier transform (FFT) to

detect performance degradation caused by rotor bar failure or stator short circuits.

This agent also solves some of the problems in this area by heuristically aggregating
local agent decisions, even in the presence of inconsistencies, and ensures fault diagnosis and
tolerance. The use of MAS within machine learning classifiers increases the adaptability and
reliability of FD/D systems, making it an ideal candidate for use in the dynamic, data-intensive

manufacturing environments that characterize Industry 4.0.

Rotor bars im different

health conditions Formulate input data
set for the MAS

Record motor current - -

MAS is initialized in the
JADE platfarm

+ MAS for fault diagnosis
e e beryety rord

Apply FFT 3 Aoy

N #

L o

5 [ = ot Disds e L Head Visiam e

41 |
b R T‘-"" 1 ol ;.-;‘l’:,f_r V{g&&‘c
ok

Calculate current amplitudes R m
and side band frequencies LTy Ly

Figure 7: MAS based FD/D decision support framework. (6]

4.3 Fault Detection and Diagnosis (FD/D) of Induction Motors Based
on Neural Networks (NNs)

FD/D technology for industrial machinery features the use of neural networks as a highly
effective and powerful framework that promises more reliable operation of such critical indus-

trial machines. While both categories of machines are highly valued components of modern

17
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society due to their robustness and efficiency, they are unfortunately prone to failures, including
inter-cycle short circuits, bearing failures, and broken rotor bars, all of which can cause severe

operational disruption.

Over time, the field of neural networks (NNs) has been introduced to computational model-
ing, particularly for structures such as multilayer perceptrons (MLPs) trained through backprop-
agation, where they have been widely used to approximate complex, nonlinear relationships

within high-dimensional sensor data.

These ANN-based methods often utilize sophisticated signal processing techniques, such as
the discrete wavelet transform (DWT) or fast Fourier transform (FFT), to extract key features
from current, vibration, or other relevant signals, enabling accurate classification of various
failure conditions. This inductive result of combining neural network architecture with ad-
vanced feature extraction not only increases the measured fault detection accuracy by 95%,
but also provides real-time predictive maintenance strategies, resulting in reduced downtime
and maintenance costs. Thus, this latest work begins the application of NNs in FD/D IMs and
represents a significant step toward industrial diagnostic systems that meet the needs of smart

manufacturing and Industry 4.0.

4.3.1 Artificial Neural Network (ANN)

Artificial neural networks are capable of genetically modeling complex nonlinear relationships,
they are widely used in mechanical fault diagnosis. Inspired by the hydration of brain neurons,
artificial neural networks learn from data, adapt to changes, and automatically extract impor-
tant features. Backpropagation multilayer perceptrons (MLPs) are widely used in training and
pattern recognition. Artificial neural networks are flexible in handling noisy data and can

provide accurate fault detection.

However, they typically require extensive, high-quality training data and may not gener-
alize well to new domains without retraining. Finally, system failures can also lead to more
complex problems; we used artificial neural network methods because of their power, ease of

application, and flexibility in handling such problems. The neural network’s output "X" and

The number of hidden layers in the network "Nh" can be expressed as:

X=f (i a;w; + b) (1)
i=1

(2)

18
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where:
o w; = Weight

e b= bias

Input layer

Hidden layer

Figure 8: Architecture of neural network.
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4.3.2 Support Vector Machine (SVM)

Support vector machines (SVMs) are powerful supervised learning techniques used in classifi-
cation and regression problems, and are particularly useful in high-dimensional domains with
sparse data. Rooted in statistical learning theory and structural risk minimization, SVMs work
by identifying the optimal hyperplane that optimally separates data classes. The optimization
problem forms the core of the SVM algorithm, solving a quadratic function that seeks to
minimize classification error and maximize the margin between data points.

SVM classifiers have proven effective in many applications, particularly in machine fault
diagnosis due to their robustness, ability to handle small datasets, and nonlinear classification.
Multi-class fault classification and single fault detection strategies. Common strategies in single
fault detection applications, or single fault detection strategies, are easy to use for multi-class

fault classification and typically outperform other methods in comparative studies.[7]]

X 1 m Datasets (class 1)
| ¥ Datasets (class 2)
]
=
. A
B )
[
Class 1 Class 2 .Y

Figure 9: Support vector machine algorithm.

4.4 FD/D Based on Other ML Techniques

In addition to traditional artificial neural networks, other machine learning approaches have
been used for fault detection and diagnosis (FD/D) in induction motors. These strategies employ
techniques such as unsupervised learning and clustering to detect trends and anomalies in
complex, high-dimensional sensor data without the need for large, annotated datasets. For
example, Skowron et al. (2019) proposed the use of a self-organizing Kohonen network with
ISCA analysis of stator currents for fault detection in transformer-fed induction motors.

This method was also able to efficiently cluster similar fault conditions, resulting in high
accuracy for rotor faults (93-95%) and no fault conditions (95%), with somewhat lower perfor-
mance for stator faults (74%) and mixed faults (72%). The relative success of such contextual
forms of machine learning techniques reinforces the view that they represent robust and robust
solutions to industrial diagnostic problems when a full evaluation of a principle-based FD/D

model approaches true computational benchmarks.
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4.5 FD/D Addressing Multiple ML Techniques

By applying various machine learning (ML) techniques, fault detection and diagnosis (FD/D) in
induction motors has maintained its advancements, surpassing traditional neural networks
until October 2023. Several intelligent classifiers, such as naive Bayes, k-nearest neighbors
(k-NN), support vector machines (SVM/SMO), multilayer perceptrons (MLP), decision trees
(C4.5), and rule-based methods such as RIPPER, address the complex problems associated with

fault diagnosis in induction motors.

These methods have demonstrated very high classification accuracies, typically exceeding
90% for various fault types (stator faults, broken rotor bars, and range bearing defects). For
example, the accuracy of kNN and MLP methods has fallen to near-perfect accuracy for some
small motor faults, while SVM and composite approaches, such as RandomForest, have generally
achieved good results on multi-objective problems. Several approaches, such as Fuzzy ARTMAP
and Bagging, were also discussed, each outperforming the other based on the type of fault
and operating conditions. This approach does not focus on hiding system defects, which
enhances system efficiency, paving the way for more proactive maintenance and improved

system reliability.

5 Deep learning

Deep learning (DL) has revolutionized fault diagnosis, enabling systems to automatically
learn hierarchical, rotational, scale, and translational invariant features from raw sensor data,
enabling them to learn features without human intervention. Using architectures such as
convolutional neural networks (CNNs), recurrent neural networks (RNNs), and autoencoders
(AEs), DL-based models can capture the temporal and spatial dependencies present in complex
datasets a feature essential for effectively learning the subtle features that play a role in sepa-

rating different fault states.

This enables DL-based methods to address high-dimensional and heterogeneous data fusion
problems and transform complex information into supervised multi-label classification tasks.
As a result, DL has become an effective method for predictive maintenance and condition
monitoring, delivering advanced performance and improving the reliability and efficiency of

diagnostic systems in industry.[6]]

5.1 Convolutional Neural Networks (CNNs)

Convolutional neural networks are an important class of deep learning architectures that have
revolutionized pattern recognition and image processing tasks and are increasingly being

applied to fault diagnosis. Most CNNss consist of alternating convolutional and pooling layers,
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followed by fully connected layers.Their convolutional layers use trainable filters, or kernels,
that slide over the input data, generating feature maps that highlight different data values in a

translation-invariant manner.

These maps allow the network to learn hierarchical representations, with each subsequent
convolutional layer responsible for more abstract features. Pooling layers then perform down-
sampling of the feature set, resulting in a low-dimensional data representation while preserving
the latest information regardless of its spatial location. This "hierarchical extraction" of features
is finally flattened into a one-dimensional vector and fed to fully connected layers, culmi-
nating in a "SoftMax" layer that performs probabilistic classification. Figure 7 shows a CNN

architecture.
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Figure 10: A CNN architecture consisting of two pairs of alternating convolution and pooling
layers followed by a fully connected layer and a softmax layer.

5.2 Recurrent neural networks (RNNs)

Recurrent neural networks (RNNs) are defined for taking sequential data as input, where the
hidden state is a function of the previous hidden state via recurrent connections. They are ideal
for time-dependent application tasks, such as time series tasks like engine fault diagnosis. On
the other hand, RNNSs can be trained, but this can be difficult due to problems with vanishing
gradients and exploding gradients. Gradient clipping and weight regularization can mitigate

these problems. RNNs contain typical components that optimize specific quantities over time.
Long short-term memory (LSTM) modules, a specific class of recurrent neural networks,

can efficiently remember long-term dependencies, thereby improving performance. LSTMs are

very effective at keeping track of fault evolution over time. Figure 8 shows an RNN.
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RMNN Unit LSTM Unit

Figure 11: The RNN unit consists of one hidden layer and the output. The LSTM unit comprises
a more complex architecture in order to determine which data will be used in each time step.

5.3 Auto-Encoders (AEs)

Automatic processing units (AEs) are neural networks that learn to compress and reconstruct
data, thereby capturing its most important features. They consist of an encoder, a latent coder,
and a decoder that seeks to reconstruct the input data with minimal errors. In the context of
device health monitoring, AEs can be used to reduce large signal data, such as vibration signals,

to improve processing capacity.

They are also used for feature extraction, which enhances fault detection performance. One
variant is the denoising automatic encoder (DAE), which removes noise during reconstruction to
retain only useful information. As with many aspects of our work, the usefulness of something
depends on how it is implemented, but in general, AEs are great at helping improve fault
diagnosis, simplifying data and performing their function while preserving important insights
from that data.[6]
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Figure 12: An Auto Encoder.

6 Deep Learning Based FD/D Methods of IMs

Deep learning(DL)has made a great stride in the area of fault detectionand diagnosis(FD/D)of
induction motors(IMs), especially from sensor information in an end-to-end manner. Deep
learning,unlike traditional methods of surface learning that rely on manual feature extraction
techniques such as fast Fourier transform(FFT)and wavelet transform,automatically extract
features. complex. hierarchies of abstract high-levelfeatures contained in multiple layers of

nonlinear processing.

It helps making the process of IOT devices secure by reducing human Error and allow-
ing large amount of data generated by IOT(Industrial IOT) NEOFIOT devicesto be process
in real time. Various deep architectures, CNNs, RNNS (especiallyLSTMS). methods, such as
autoencoders,and deepbelief networks, have been effectively employed to capture the complex

patterns related, to the occurrence of motor failures.
The superior computational capabilities and adaptive learning ability of deep learning tech-

niques have produced more robust,efficient andexact FD/ D systems,which becomes essential

in today predictive maintenance approaches for induction motors.
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Figure 13: Diagnosis frameworks: The traditional framework (top) and the feature learning
frameworks (middle, bottom)

7 Induction Motor Fault

Induction motor failures are classified into two main categories: electrical and mechanical.
Electrical failures include stator winding failures, rotor bar breakage, and short circuits, all
of which result in loss of electrical power and motor performance. Mechanical failures may
include bearing failure, gearbox problems, misalignment, or air gap defects, all of which affect
the motor’s physical motion and balance. Classifying faults into categories is important for
developing proper analysis and maintenance, as an electrical failure requires one method
of detection/resolution, while a mechanical failure may require a different method of detec-

tion/resolution.

This allows engineers to utilize specialized monitoring and analysis, ensuring that preven-

tative measures are taken accurately and timely, with minimal downtime and extended motor

life.[8]]
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Induction Motor Faults
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Figure 14: Classification of Induction Motor Faults.

7.1 Mechanical Faults

The mechanical faults occurrence priority is highest in the induction motor. The mechanical

faults are classified as bearing fault, eccentricity fault and load fault respectively.

7.1.1 Bearing Faults

Bearing failures are among the most serious and common types of failures affecting induction
motors, typically contributing to more than 40% of all failures. Bearing failures occur primar-
ily in ball bearings or rotating elements, which provide support for the operation of motor
components.

A standard bearing consists of an inner track, an outer track, and a set of rotating elements
that allow movement. If defects appear in any of these components, whether pits, cracks, or
fissures (collectively called defects), due to overloading, poor lubrication, contamination, or
improper installation, the bearing will produce abnormal vibrations and noise.

These characteristics are unique to the bearing geometry and motor operating speed and
may indicate potential bearing deterioration. Additional problems, such as rotor deflection and
overheating, can also increase bearing wear and impair motor performance. Identifying and
diagnosing defects in a timely manner is essential for maintenance to prevent catastrophic

failures and significant motor downtime.
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Figure 15: Artificial Bearing Defects (a) Outer Race Defect (Left) (b) Inner Race Defect(Right) .

7.1.2  Eccentricity Faults

Induction machines can exhibit eccentricity faults stemming from an unequal air gap between
the stator and rotor. This can result in misalignment producing unbalanced forces, vibrations,

and noise.

Eccentricity faults can be classified as either static (minimum air gap point fixed), dy-
namic (minimum air gap point rotates with rotor), or mixed (has both static and dynamic
characteristics). Even the slightest degree of eccentricity, which is sometimes inherent due
to manufacturing tolerances, can also create problems for the machine, such as rotor-stator

rubbing, and can cause further damage if not handled.

7.1.3 Load Faults

Load faults in induction motors happen when an uneven load distribution or mechanical
misalignment creates abnormal stresses. Typically, these faults originate from the connected

mechanical components - couplings and gears.

Resulting wear can cause increased vibration, operation inefliciencies, and increased wear
on the motor’s components. It is imperative to identify load faults early with technologies like

vibration analysis and thermal imaging to keep the reliability of the motor.

7.2 Electrical Faults

The electrical faults are classified as stator and rotor faults. The stator faults and rotor faults

mainly occur in the windings.
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7.2.1 Stator Faults

Stator faults happen in the windings of an induction motor, often from insulation failures
between turns. Stator faults make up less than 40% of total induction machine failures. Stator
faults create a shift in the balance of the magnetic field, which leads to additional heating and

increased vibration.

This additional heating may lead to further insulation failures, additional heating, and
possible premature failures of the bearings. It is very important to make early diagnosis
of faults such as turn-to-turn, phase-to-phase or coil-to-ground faults to avoid catastrophic

damage to the machine.[8]
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Figure 16: Graphical Representation of Stator Faults .

7.2.2 Rotor Faults

Around 10% of the total failures in induction motors come from rotor faults, which are largely
associated with rotor winding defects. The main cause of rotor faults is broken rotor bars,

which occur due to a pulsating load and direct on-line starting of the induction motor.

Rotor faults can cause variations in speed, torque pulsations, and, ultimately, vibrations
and overheating. Other consequences include arcing from the rotor and damage to rotor
laminations. A variety of stresses - thermal, magnetic, residual, dynamic, environmental, and

mechanical - are generally responsible for rotor failure.

8 Fuzzy logic

Fuzzy logic is a computational method that allows consideration of uncertainty, by reproducing

the way a person thinks about uncertainty in if-then rules.
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It turns uncertain and noisy sensor data into information that has meaning at the time
of occurrence. Instead of relying on hard decision making, fuzzy logic enables flexibility in
decision making when relating to situations like predictive maintenance for induction motors.
Fuzzy logic increases system reliability and efficiency because of its ability to account for

different conditions, in an operating variable, relative to fuzzy logic conditions.

8.1 Fuzzy logic classification

Fuzzy logic classification is a method of fuzzy logic to classify the input data into classes based on
fuzzy rules and linguistic variables. Unlike traditional binary classification approaches, which
will classify data points into discrete classes, fuzzy logic classification represents uncertainty

while classifying.[9]

8.1.1 Linguistic Variables

In fuzzy logic, linguistic variables act as qualitative representations of input data and output
classes in natural language. They reflect the imprecision of everyday language, allowing sys-

tems to reason more similarly to humans when precise numerical values don’t exist.

This allows for added flexibility in fuzzy inference systems to deal with vague or uncertain
data. All in all, linguistic variables are essential in fuzzy logic to model and interpret complex

real-world phenomena.

8.1.2 Fuzzy Sets and Membership Functions

Fuzzy sets are used to indicate the degree of membership of an item in a particular taxonomic
category. Each linguistic variable is associated with one or more fuzzy sets, each of which
has its own membership function that indicates the degree of membership of the input data
point in that fuzzy set. Membership functions can take various forms, including triangular,

trapezoidal, or Gaussian, depending on the nature of the data and the classification problem.

8.1.3 Fuzzy rules

Classification based on fuzzy logic uses fuzzy rules to characterize the relationship between the
input variables and output classes. Fuzzy rules are stated as if-then statements; the antecedent
(the then part) defines the condition and refers to the linguistic variable and fuzzy sets, and
the consequent (the then part) specifies the output class. One example of a fuzzy rule is If

temperature is hot and humidity is high, then classify as class.
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Figure 18: Fuzzy Rule Setup.[9]

8.1.4 Fuzzy Inference

Fuzzy inference applies fuzzy logic to address information uncertainty. It is based on fuzzy
rules that indicate the extent to which certain values belong to output classes. Truth values are

calculated based on the rule’s premises, using operators such as AND, OR, and NOT, as well as
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aggregation methods such as max and min. The robustness of the output indicates the fuzzy
belonging to the output control classes and can be used to accurately choose between multiple

alternatives in indirect conditions.

8.1.5 Defuzzification

After the degrees of membership have been identified in each output class, the step of defuzzi-
fication occurs for each data point’s final class assignment. Each fuzzy rule in each class has an
aggregated value of the degree of membership, allowing for a crisp output value and/or class

label to be assigned to the data point.
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Figure 19: Fuzzy Output .

8.2 Fuzzy Logic Classification for Predictive Maintenance

Fuzzy logic classification is well suited for working with data that is imprecise and allows for
interpretability through its linguistic rules, making it a great match for complex applications
such as predictive maintenance, decision making, and pattern recognition. It calculates the
degree of membership in fuzzy sets using functions like A(x), which evaluate inputs to fuzzy
sets, and its output rules are organized as if-then statements connecting antecedent conditions
to consequent outputs. Inference applies fuzzy operators (e.g. the AND operator applies the

minimum function) to the degree of membership that then forms the fuzzy output.

The fuzzy output is defuzzified to give a crisp value using various methods such as the
centroid method. With this system it can provide a high degree of control and accuracy
of classification by mapping the sensor data (temperature, vibration, oil level) directly to

maintenance actions.
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Table 1: Additional linguistic variables for predictive maintenance in industrial systems

Condition1 Condition 2 Condition 3

Rule (Temperature) (Vibration) (Oil Level) Output

1 High Low Low Maintenance is Urgent

2 Normal High Low Maintenance is Urgent

3 Low High Normal Maintenance is Low Priority
4 High Normal Low Maintenance is Scheduled
5 High Normal Normal Maintenance is Urgent

6 Normal Low Low Maintenance is Scheduled
7 High Normal Normal Maintenance is Urgent

8 Low High Low Maintenance is Scheduled
9 Low Low Normal No Maintenance Needed

Condition 1 (Temperature): represents linguistic variables related to the temperature of
the equipment, such as High, Normal, or Low.

Condition 2 (Vibration): represents linguistic variables related to the vibration levels of
the equipment, such as Low, Normal, or High.

Condition 3 (Oil Level): represents linguistic variables related to the oil level of the
equipment, such as Low, Normal, or High.

Output : Represents maintenance needs based on specified conditions, including urgent

maintenance, low priority maintenance, scheduled maintenance, or no maintenance needed.

8.3 Fuzzy Neural Network (FNN)

Fuzzy Neural Networks (FNNs) are hybrid systems combining the learning capabilities of
neural networks with the interpretability and uncertainty of fuzzy logic. Thus, FNNs can
be used effectively in predictive maintenance applications. In an FNN, the raw inputs are
fuzzified into fuzzy sets in the fuzzification layer, and the neurons use activation functions
in the representation of linguistic terms. For example, neurons representing the "increasing”

fuzzy set would use the following sigmoidal activation function:

B 1
1 + e—(wiz+two)

©)

In this equation, w0 represents the bias and w1 denotes the weight. Instead, the comple-

Y

mentary and Gaussian functions can be utilized for "decreasing” and "constant" fuzzy sets, re-
spectively. This bidirectional framework enables the network to automatically determine fuzzy
rules and update the associated parameters based on training data and simultaneously model
the complex, non-linear relationships that occur within industry processes. The advantages of

FNNs include greater robustness while dealing with uncertainties, enhanced interpretability
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through the use of linguistic variables, and increased accuracy when conducting fault classifi-

cations.

FNNss are important in recent predictive maintenance literature, as this technology works by
converting sensor data into measures of early equipment failure, which creates opportunities for

preventive action that reduce unplanned downtime, maintenance costs, and overall equipment

lifecycle costs.
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Figure 20: Fuzzy Neural Network.
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9 Key technology of IoT

The Internet of Things (IoT) is the linking of physical things over networks to collect and
share data. The connected things are capable of connectting with the user - whether that be a
human, machine, or hybrid - to motivate, or facilitate a smarter decision-making process. The
technologies that make up IoT consist of, sensors to collect data, communication protocols to
exchange that data through networks, cloud platforms to store and process, smart algorithms

to analyze and control processing.[7]]

9.1 IoT Architecture for Intelligent Monitoring

There are five layers in the IoT (Internet of Things) architecture, which includes the Perception
Layer, Network Access Layer, Network Layer, Application Support Layer, and Application Layer.
The Perception Layer collects data, using sensors to do so ,then, data sends over technologies
(such as Wi-Fi and Bluetooth) within the Network Access Layer; then was sends over the
network, ensuring data communication solutions globally, in the Network Layer; once in the
Application Support Layer, data can be processed and analyzed as needed in platforms such as

cloud-computing .

the Application Layer provides user-oriented services, such as smart homes and health
monitoring. Together, these conform layer capabilities to accommodate scalability and rapid
development of a smart and intelligent IoT ecosystem and serve as a foundation for Cognitive
IoT.
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Figure 21: 5 — Layer IoT architecture .
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9.2 IoT and Big Data in AI-Driven Predictive Maintenance

Predictive maintenance supported by the use of IoT and Big Data Sensors and the introduction
of Big Data are revolutionizing predictive maintenance by providing real-time monitoring
and sophisticated analytics. IoT sensors will provide continuous, granular sensor data from
industrial equipment that greatly increases the statistical power of Al models to detect subtle

changes and predict failure.

The amount of sensor data is exponentially increasing and Big Data analytics is critical in
managing and analyzing the data to identify patterns, trends, and anomalies. The combination
of IoT and Big Data will advance the capabilities of Al-driven models to provide timely and

accurate transparent insights for maintenance to reduce downtime and improve operating

efficiency.
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Figure 22: IoT-based predictive maintenance.

10 Conclusion

This chapter has provided a thorough examination of the basic elements that form the founda-
tion for modern predictive maintenance practices. The chapter began by discussing Prognostics
and Health Management (PHM) systems, which are important for monitoring system health
and predicting failures, allowing for safety and productivity. We then transitioned into the role
of artificial intelligence for predictive maintenance, explaining how machine learning or deep
learning models are changing the landscape for fault detection in systems with increased com-
plexity, parametric analysis, and a priori probability. Following, fuzzy logic classification was
analyzed in the context of decision-making and explainability in uncertain situations. Lastly,
IoT, a key technology, was summarized for its importance in the collection and communication
of real-time data, as it applies to functions of predictive maintenance involving more advanced
analytics. Together, these areas provide a strong basis for intelligent, data-driven maintenance

systems in the future of industrial preparedness.
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1 Introduction

Our research methodology and techniques for fault detection in induction motors is offered in
this Chapter . We described our LSTM deep learning method, which effectively models and
analyses the temporal dynamics of a sensor data stream. Then we explained the diagnosis
method using an Adaptive Neuro-Fuzzy Inference System (ANFIS) based on fuzzy logic for
greater uncertainty and fault classification. Also important is that we introduced a combination
of LSTM and ANFIS, which operates in parallel to leverage the advantages of both. The same
data is processed simultaneously, and the results are then combined to produce a unified
prediction with improved accuracy. and explained how the combination improves detection by
combining dynamic temporal analysis with interpretable rule-based diagnosis. We have used
a dataset with four labeled classes 'bearing fault’, 'mechanical fault’, 'normal’, and "winding
fault’ to detect and classify faults, and we ensure that the system we developed is capable of

distinguishing between fault types and normal operation.

2 Proposed Algorithms

Our approach used an LSTM-based deep learning model to extract temporal features from
consecutive sensor data, and subsequently used an ANFIS fuzzy logic model to classify the
features in a way that uncertainty was handled via interpretable fuzzy rules. We provided
integration through serial methods, to ensure dynamic data is translated into fault predictions
for this approach. Our collaboration allows early identification of a fault and maintenance of a

machine, to decrease unplanned downtime.

Predictive Maintenance for Induction Motors
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Figure 23: The Architecture of our Algorithms.
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3 LSTM Approach for Fault Diagnosis

3.1 LSTM Structure

Long Short-Term Memory (LSTM) networks are a specialized kind of recurrent neural network
(RNN) formulated for capturing long-term dependencies in sequential data through the use of
memory cells and gating. In a stacked LSTM architecture a deep version of the standard LSTM
there are multiple LSTM layers in the network. The first layer receives the raw sequence data
and all subsequent layers receive the hidden state of the previous layer as input. This tiered
architecture allows the LSTM network to capture increasingly abstract temporal patterns in
deeper layers with greater accuracy for more challenging sequence prediction applications,

including fault detection in complex systems.[10]
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Figure 24: LSTM Network structure.

o LSTM networks use three main gates the forget, input, and output gates—to control the
passage of information over time. These gates allow the network to forget non-relevant past
information, add the current input values to the cell state, and only pass relevant outputs
through for use in fault detection (or fault diagnosis, depending on the application).The key

equations are presented as:

Forget Gate:
fr = o (Wilhey, ] + by). (4)

Input Gate:
iv = o (Wilhe—1, Xi] + ;) 5)
cgemdidete — tanh (Wb, Xi] + be) (6)
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Output Gate:

or = o (Wolhi—1, Xi] + b,) (7)

Cell State and Hidden State Update:

¢t = fici—1 + itcgandldate (8)

h; = tanh (ct> 0y 9)

Table 2: Description of LSTM Variables

Symbol / Variable | Description

X Input vector at current time step ¢ (e.g., sensor data)

he_1 Hidden state (output) from previous time step

Wy Weight matrix for gate

by Bias vector gate
fi Output of the forget gate to controls what to forget
it Output of the input gate to controls what to update
ot Output of the output gate to controls what to output

Cr_1 Cell state from the previous time step
ct Updated cell state at time ¢ (memory)

¢; or candidate Candidate cell state, computed using tanh activation
hy Output (hidden state) at time ¢
o Sigmoid activation function (outputs values between 0 and
1)

3.2 Stacked LSTM (MLSTM)

Stacked LSTM networks are deep networks consisting of multiple LSTM layers with multiple
memory cells. The first LSTM layer takes sequence data as the input, and the subsequent LSTM
layer takes in the output hidden state of the previous LSTM layer, in which the architecture of
stacked hidden layers deepens the model compexity while increasing accuracy. This kind of
network has become a powerful tool to solve sequence prediction problems. Figure 25 shows
the architecture of stacked LSTM networks without hidden layers.
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Figure 25: Stacked LSTM structure.

3.3 Bidirectional LSTM (BiLSTM)

BiLSTM is an emerging approach for addressing fault diagnosis. This technique has been used
to provide more accurate results compared to other traditional methods and LSTM. In this study,
a BILSTM network is used to identify and localize multiple open-circuit faults in a three-phase
two-level voltage source inverter for an induction motor drive system. Compared with LSTM,
BiLSTM can obtain information from both the previous and subsequent segments. The BiLSTM
architecture consists of a forward LSTM layer and a backward LSTM layer, which reverse the
flow direction of the input sequence. Using LSTM twice makes the prediction results more
complete and leads to increased model accuracy. Furthermore, it is worth noting that BiLSTM
is a much slower approach and requires longer training times. The BiLSTM architecture is

shown in Figure 26.
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Figure 26: BiLSTM structure[10].
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3.4 Evaluation Metrics

After building prediction models, several metrics can be used to evaluate the performance of
models and compare them.

3.4.1 Root-Mean-Square Error (RMSE)

The root-mean-square error (RMSE) is the most commonly used performance measure for
prediction tasks. The RMSE can be calculated by using

n;3

RMSE = J ! an(y — ) (10)

where ¢J; and y; are the prediction and the real output value, and 7 is the number of data.

3.4.2 Absolute Error (MAE)

The MAE is the other criterion used to evaluate the model performance. The MAE is expressed
as

n

1
MAE:EZ

=1

Yi — Ui (11)

3.4.3 Mean Absolute Percentage Error (MAPE)

The MAPE is one of the most common metrics used to measure the prediction accuracy of a
model, and it is described as

MAPE(%) = 100 (12)

The summation ignores observations where y; = 0. In general, the lower the MAPE value is,
the more accurate the model is. The last metric used in this paper to evaluate the performance

of the proposed algorithm is the accuracy of the prediction model, which is expressed as

Accuracy(%) = 100 — MAPE (13)
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3.5 LSTM-Based Diagnostic Network for Induction Motor

The topic is the design and implementation of a diagnostic and verification framework for the
induction motor using a deep stacked LSTM approach. This framework combines data from
an ample set of sensors, including diagnostic standard variables based on current sensors A,
B, and C, along with voltage, temperature, vibration sensors, and speed sensors, to create a
broader understanding of the motor’s performance. In our approach, we systematically gather,
normalize, and preprocess this data, and look at each sensor in its own time series or data

structure to identify the most salient features.

The major component of the approach is a deep stacked LSTM, where the first layer utilizes
a bidirectional approach to analyze the time-based outcomes, and the second layer continues
to establish features based on the time series data. Detection of faults has been evaluated
through comparison of model outputs against labeled examples of mechanical fault actions,
bearing failure, coil faults, and normal behavior, using root mean squared error (RMSE) as the
major cost function to direct training. Thus, through this evolutionary training structure over a
defined epoch, a machine-learning algorithm will become proficient at separating faults in the
sensor data, thus providing a potential approach to predictive maintenance for this example of

the electric motor.

Induction Motor Diagnostic Framework
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Figure 27: Structure of the fault-diagnosis module based on LSTM network.
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4 Diagnosis by ANFIS

4.1 Adaptive Neural Fuzzy Inference System

The Adaptive Network-Based Fuzzy Inference System (ANFIS) is a hybrid framework that
combines the interpretability and expressiveness of fuzzy inference systems (FIS) with the
learning capabilities of artificial neural networks (ANN). An ANFIS takes the fuzzy rules and
membership functions of a regular FIS and arranges them in large-scale to resemble a layered
feed-forward network, usually five layers in total. Each layer in the ANFIS performs specific
operations. The first layer is the fuzzification layer that allows the crisp inputs to become fuzzy
sets. The second layer computes the degree of activation of the fuzzy rules for the input. The
third layer normalizes the degrees of activation. The fourth layer computes the rule outputs
according to their consequent parameters. The fifth layer aggregates the outputs of the rule to
derive a final output for the system. ANFIS algorithms utilize the adaptive network structure
to learn and adaptively optimize all internal variables based on input-output data, making it a

great choice to describe the modeling structure of ANN and FIS for nonlinear processes.[11]]

Layer1 Layer2 Layer3 Layer4

#Bz

Figure 28: ANFIS architecture.[12]

« Layer 1 represents the fuzzification layer. It calculates the membership function:

1
fa;(z) = - =17 (14)
1+ (z‘c’”> Z
aa,
1
pe(y) = —— b5, (15)
1+ (y‘CBi) l
aBi

where the Cy,,Cp,, aa,,ap,, ba,, and bp, are the bell function parameters.

« Layer 2 defines the rules layer. The output is the firing strength of each node:

VVi = /’LAz<x)/’LBz(y) (16)
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«Layer 3 denotes the normalization layer. It normalizes the calculated firing strength:

- W

W=t 17
W + Wa 17

«Layer 4 represents the consequent layer. The output of this layer is the product of normal-

ized firing strength and the fuzzy rules consequent polynomial:
Wifi = Wilpiz + qiy +7:) (18)

where p;, ¢;, and r; are the consequent parameter sets.

«Layer 5 defines the defuzzification layer. Its output is the overall ANFIS output:

> Wifi

=W, 19)

=YW=

Tuning all the adaptable parameters is the task of the learning algorithm in order to make
the training data match the ANFIS output. The ANFIS model is trained to obtain the minimum

Root Mean Square Error (RMSE) between the predicted values and actual measurements.

RMSE = i(z —y)? (20)
J i=1

where z denotes the actual measurement, y is the predicted value and n presents the number

S|

of samples.

4.2 ANFIS-Based Predictive Maintenance for Induction Motor

When using ANFIS in a strategy for predictive maintenance, the diagnostic procedure starts
with the collection of real-time sensor data from the induction motor. As RPM is a variety
of measurements temperature, vibration, current, voltage, and speed no single can encom-
pass fault-related issues. The various signals measure different aspects of motor performance
temperature and vibration find mechanical or bearing issues, and measurements of current
and voltage find electrical failures or coil issues; in addition, speed measures various loading
conditions of the motor. The first step of using the sensor data involves using methods, such as
standard scaling, to normalize the raw data to minimize variation and ensure every feature
contributes to the learning process. The normalizing process is a preparation step subsequently,
the normalized data into a Gaussian Fuzzification layer transfer, converting each input into

fuzzy membership values using Gaussian functions.

This process discretizes continuous measurements into fuzzy membership as linguistic

variables. The fuzzified membership data then contacts a series of dense layers that search the
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chaotic signal patterns from the various sensors and learn the various fault conditions. The
model is trained on labeled data which includes many states of the motor, such as faults include
mechanical, bearing, winding, and normal operation. During training, the model adaptively
tunes the parameters of the fuzzy inference system. The model can purposely learn using fuzzy
logic systems, and the optimization capabilities of neural networks thus, creating a powerful
and effective platform for diagnostic and predictive anticipatory maintenance of induction

motors.

ANFIS-Based Predictive Maintenance Strategy
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1
1
Speed(RPM) "': i e 42 Model Training
Temperature -1 | oo
_— i ' . r- Labeled Data
Vibration - - ! .
' ANFIS- ~- Parameter Tuning
Current - Based
! e Predictive N
Voltage ! Maintenance e @ Data Normalization
1
1
Gaussian Fuzzification @.\r -7 - standard Scaling

Gaussian Functions --'

é’"'"‘ Dense Layers

'~- Fault Detection

Figure 29: ANFIS-based predictive maintenance module structure.
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5 Integration of ANFIS and LSTM

5.1 Rationale to build combination model ANFIS and LSTM

The justification for developing a hybrid model, using ANFIS and LSTM for the predictive main-
tenance of induction motors, is to take advantage of the strengths of both methods. ANFIS is
highly capable in uncertain and imprecise sensor data modeling with fuzzy logic; it also allows
expert knowledge to be included as linguistic knowledge rules, giving a clear understanding of

interpretability.

This enables the relationship of each motor condition to be better understood, and provides
insight into early deterioration or faults being present.In a more general sense LSTMs provide
a foundation for modeling time-series data with time-dependencies that develop patterns
or trends over much longer time periods. The hybrid ANFIS and LSTM will be capable of
a robust and accurate prediction of motor performance, taking into consideration ANFIS’s
fuzzy learning and interpretable feature extraction, as well as LSTM’s dynamic temporal
modeling. This combined technique provides reliable forecasting of failures, better scheduling
of maintenance by targeting potential components for maintenance, improvement of unplanned

downtime, and increase in operating efficiency and lifetime of induction motor utilization[13]]

Input data » Forecasted
> LSTM >
matrix ANFIS > output

3

Figure 30: ANFIS-LSTM model[13].

5.2 combination Forecasting Model ANFIS-LSTM

The hybrid ANFIS-LSTM model has two stages, which will allow us to harness fuzzy logic as
well as temporal learning through the two stages. An example of a stage is with the ANFIS
model (traditionally 5 layers: fuzzification, rule, normalization, defuzzification, and output).
The ANFIS model represents the raw sensor inputs (usually 5 parameters (current, voltage,
temperature, vibration, and speed)) and maps fuzzy membership values for each input. For
example, the fuzzy membership values can be associated with two linguistic sets, low and high.
The ANFIS model will take the fuzzy membership values for each linguistic set and produce a
set of membership degrees, such as [0.1, 0.9] for one sensor. While traditional ANFIS models
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will deliver only a single aggregate output that is calculated through weighted averaging of the
last layer output, we will leverage the fuzzy feature representation (i.e. membership values)

from intermediate layers in the hybrid model.

In the second stage, the fuzzy outputs are combined with the original sensor data to create
a composite input vector for the LSTM model. In practice, the LSTM model receives six sensor
inputs at each time step: five sensor features and one output (or effective fuzzy features) from
the ANFIS model. The LSTM model is structured as follows: Structurally, the model consists of
an input layer that accepts a six-dimensional vector, followed by multiple hidden layers—for
example, a bidirectional LSTM layer (with 128 units) with fewer than 64 units per LSTM layer,
in each branch—finally followed by fully connected dense layers that perform the final fault
prediction. This structure enables the LSTM model to learn the temporal dependencies from
fuzzy feature representation which allows for accurate and robust prediction for predictive

maintenance of induction motors.

X(t-2) ANFIS
X(t)
LSTM
X(t-1)
h;
4
[ 4 1 £:
" . T
IT i + 0 ":"
t rr_’c"i rr-b'l
he_y L1 1 J ,"f
J

Figure 31: Flowchart of the ANFIS and LSTM model [14]).
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Figure 32: Flowchart of the ANFIS and BiLSTM model
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6 Methods and Techniques for Data Collection and Analysis

Successful predictive maintenance is based on gathering high-frequency real-time data via
the Internet of Things (IoT) sensors, historic maintenance records, and operating logs. These
methods record both operational activity and context data, both of which are important for the

advanced detection of anomalies and prediction of failures.

This data is then analyzed using sophisticated statistical techniques and machine learning
models to generate insights that can be used to make better maintenance scheduling decisions

to maximize maintenance efforts and minimize downtime.

6.1 Data Collection Techniques

Predictive maintenance data is gathered from a hybrid of IoT sensors, maintenance history
data, and operational logs. IoT sensors are placed on critical machinery and track machine

parameters like temperature, vibration, pressure, and rotational speed, in real time.

This data is gathered with high fidelity giving a close-to-reality picture of the equipment
performance and allowing early detection of faults, as well as optimal timing of maintenance

activities.

1- Sensor Data Acquisition: Wireless sensor networks enable rapid, high-frequency data
collection using devices like accelerometers to monitor vibrations which helps detect wear and

potential failures in rotating equipment.

2- Historical Maintenance Data: Historical maintenance records provide vital training data

for ML models to uncover failure patterns and evaluate maintenance effectiveness.

3- Environmental and Operational Data: Environmental and operational data, like tempera-
ture and load, are crucial for contextualizing machinery performance and enhancing predictive

model accuracy.
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7 Intelligent fault detection framework based on IoT, cloud Al

Structured as a multi-layer architecture, the intelligent fault detection framework synthesizes
the Internet of things (IoT), cloud computing and Artificial Intelligence (AI) to monitor the
operation of machines in real time and make smart decisions based on data. Sensors are used
for data acquisition, communication technologies enable seamless communication, and models

organize data to deliver meaningful analyses.

It provides interactive visualizations and statistical reporting to facilitate predictive mainte-

nance and operational decision-making.
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Figure 33: Architecture of IoT-enabled monitoring system(7].
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8 Blynk’s(IOT) Role in Translating Hardware Data into Software In-
sights

Blynk is an important link in the process of predictive maintenance for three-phase motors.
In this role, Blynk serves as the connection between the ESP8266 microcontroller and the
analytics systems running on a Python environment. The ESP8266 gathers real-time data using
various sensors that measure current, voltage, vibration, and speed. As it collects this data,
it sends this data to the Blynk Cloud through virtual pins. Virtual pins are software-based
channels that allow the software to abstract the hardware aspects of the channels, which is
essential in the ability to manage data . The Blynk library and the ESP8266 communicate over
a secure TCP connection. Once the data is received at the Blynk Cloud, the Python applications
can retrieve them using Blynk’s RESTful HTTP application programming interface (API). The
Python scripts can send HTTP GET requests to specific endpoints where the latest sensor
readings are placed. This allows the predictive maintenance analytics programming to handle

the decision-making and analytics processes in real-time .

Blynk also supports two-way communication, presenting developers the capability of
sending alerts and/or commands back to the ESP8266 from the Python applications via the
Blynk platform. This two-way communication, especially when structure to send alerts to the
users would allow them to address anomalies straight away or to take immediate corrective
actions at hand. Blynk’s cloud infrastructure temporarily stores the incoming data, simply for
the fact that their is a need for periodic periodic review of the data . For some systems this
data storage will allow access for a period, even if the data communication is stopped from the
ESP8266.

Sensors(Hardware ESP8266 Python Backend
« Vibration « Data « ML Model
» Temperature » Processing « Fault Analysis
» Current » Wi-Fi Predictions
» Voltage
» Speed

Maintenance

;i Mobile/Web Ul
Mobile/Web Ul (Blynk/Streamlit) foam
s Alerts # ¢ * Alerts
» Work Orders Sl » Work Orders
* Reports sarhath * Reports
» Notifications

Figure 34: diagram of the predictive maintenance system.
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Figure 35: Architecture Diagram of the IoT-Based Predictive Maintenance System

9 Conclusion

In this chapter, we have formed a hybrid forecast model for predictive maintenance of induction
motors that utilizes the interpretability of ANFIS and the temporal modeling ability of an LSTM
model. Use of ANFIS in our first stage utilized the raw sensor data of induction motors obtained
from current, voltage, temperature, vibration, and speed, and converted it to fuzzy membership
values, losing some uncertainty but also harnessing expert knowledge via linguistic rules.
Typical ANFIS models output one crisp value, however, we kept the membership values which
then added to our features.The fuzzy values (outputs from the ANFIS) were conjoined with
the original sensors to make our joint input. As six-dimensional input (five derived from
sensors and one that came from ANFIS), the LSTM now had increased potential to learn
time dependent features via layers. The LSTM contained an input layer, two hidden layers
consisting of one LSTM bidirectional and one LSTM standard layer, and dense layers giving the
fault predictions.We have established that a prediction model comprised of fuzzy logic-based
inference from ANFIS and sequential learning via LSTM can possible strengthen our predictive

maintenance practice in terms of overall possible operations and decreased downtime.
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1 Introduction

Chapter 4 presents a comprehensive experimental analysis of our three predictive maintenance
models, LSTM and ANFIS, and their integration into a sequential scheme. First, we evaluate the
performance of a single LSTM network on our four-class dataset (bearing failure, mechanical
failure, normal failure, and winding failure), measuring its ability to capture temporal failure
patterns. Accuracy, precision, recall, and F1 score are reported to measure its ability to capture
temporal failure patterns. Next, we measure the results of the ANFIS diagnostic model in terms
of performance and interpretable rule-based classifications. We also evaluate the integrated
ANFIS-LSTM model, demonstrating how sequential feature extraction using LSTMs and fuzzy
inference using ANFIS contribute to effective failure detection. For each method, we present
confusion matrices and results for each class to illustrate their strengths and weaknesses.
Finally, we compare the three methods and show that the hybrid model achieves the best
balance between sensitivity and specificity. In this analysis, we validate the effectiveness of
the proposed algorithms for predicting induction motor faults in real time, by claiming this

performance.

2 Dataset

For our experiments, we constructed a time-series dataset where each record corresponds to a

single timestamped snapshot of motor operation. We collected twelve features per sample:

T 1, Iy 1. Va Vi V. Temp Vib Speed RUL  Type

25-04 10.20 9.93 9.78 372.83 38494 362.00 4156 1.99 171994 578.39 normal

25-04 10.06 10.30 9.65 388.92 387.97 367.36 41.09 2.20 170898 528.86 normal

25-04 12.17 1297 12.79 346.80 400.46 342.52 39.02 6.00 1487.50 276.53 mechanical fault
25-04 12.77 11.84 13.85 391.37 40594 379.12 40.36 6.00 1487.50 135.21 mechanical fault
25-04 985 14.62 16.69 363.92 37630 361.85 65.00 2.33 1736.22 87.75 winding fault
25-04 1097 12.10 15.20 387.53 380.40 366.37 55.00 5.00 1671.35 12.62 bearing fault
25-04 13.23 13.33 12.79 401.50 373.16 366.69 55.00 5.00 1753.56 256.68 bearing fault
25-04 1043 14.27 16.68 350.99 375.86 343.65 65.00 2.13 1690.67 45.99 winding fault

Table 3: Operating and fault data
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o Our dataset includes:

variable Description

time stamp Precise date and time of the reading.

current a, cur- | Phase currents (A) measured on the three motor windings.
rent b, current ¢

voltage a, volt- | Phase voltages (V) on each winding.
age b, voltage c

temperature Bearing or stator temperature (°C).

vibration Overall vibration intensity.

speed Rotational speed (rpm).

remaining use- | RUL estimate (hours) from our degradation model.

ful life

fault type Categorical label specifying one of four classes: “normal,”

“bearing fault,” “mechanical fault,” or “winding fault.”

Table 4: Defining the variables used in the dataset

3 Experimental settings

3.1 Libraries

In our implementation, the Python language is used relying on a set of libraries that includes:

TensorFlow

» Keras

 Pandas

+ SciPy

« Numpy

« time, json, serial, datetime , os , warnings
« stats, signal , scipy.stats.zscore

« scikit-learn

Matplotlib , seaborn

We decided to use Python as our main programming language to meet our needs for program-

ming. Python is a good choice for jobs involving machine learning and deep learning because
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to its vast ecosystem of tools and frameworks.

This code sets up the work environment for a three-phase motor fault detection project

using deep learning. It imports:

« Python standard libraries (Time, json, serial, datetime, os, warnings) which will be used

for core operations and Input/Output.
« NumPy and pandas for the fast numerical calculations and structured data storage.
« SciPy used for signal processing and statistics regarding the sensor readings.

« Matplotlib (Agg backend) and Seaborn for the plotting in headless mode and data visual-

izations.

+ TensorFlow,Keras, for building and training deep learning models (LSTM, Attention
layers, ANFIS integration).

« scikit-learn, for the data preprocessing (scaling, one hot encoding), splitting, metrics and

evaluation.

« tkinter, optional as a standalone unit testing interface.

All of the above libraries will allow the effective ingestion, preprocessing, and development
of fault prediction models for the IoT data stream, and performance reporting for predictive

maintenance of induction motors.
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3.2 Hardware

Table 5: Hardwar used.

Sensors Microcontroller Interface

ESP32:
« Vibration Sensor (MPU6050 or industrial

« ADC pins (e.g., GPIO34, GPIO35) for ana-
piezo-electric accelerometer)

log sensors (vibration, temperature, cur-

« Temperature Sensor (Thermocouple, rent)

RTD, LM35, DS18B20) « Digital pins for one-wire or pulse sensors

« Current Sensor (ACS712 or current trans- (e.g., DS18B20, hall-effect speed sensor)

former) « I’C: SDA = GPIO21, SCL = GPIO22

« Speed Sensor (Hall-effect, optical en-

coder, tachometer)
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Figure 36: Electronic circuit design.
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4 The proposed method and Results

4.1 Experimental protocol

We divided the dataset into 80% for training and 20% for testing, and We used it to the models
we mentioned in Chapter 3. Now, we will examine the results of each method and the adopted

architecture.

4.2 Performance metrics

To evaluate the performance of a model, several metrics are considered:

4  Accuracy

+ Definition: Accuracy is the proportion of true results (both true positives and true

negatives) among the total number of cases examined.

TP +TN
TP+TN+ FP+ FN

« Importance: Provides a general measure of how often the model is correct but can be

Accuracy =

misleading if the dataset is imbalanced.

4 Recall

+ Definition: Also known as sensitivity or true positive rate, measures the proportion of

actual positives that are correctly identified by the model.

TP

l=—""——
Reca TP+ N

« Importance: High recall is important in applications where missing a positive case (a

fault) is very costly.

4 Precision

« Definition: Precision measures the proportion of positive identifications that are actually

correct.

TP
TP+ FP

« Importance: High precision is important in applications where the cost of a false positive

Precision =

(false alarm) is high.
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4 F; Score

+ Definition: The harmonic mean of precision and recall, providing a balance between the

two metrics.

F,Score = 2 PrecisionRecall

Precision + Recall
« Importance: Useful when we need to balance precision and recall, particularly in situa-

tions with uneven class distribution.

Where:

TP (True Positives): correctly predicted fault samples.

« TN (True Negatives): correctly predicted normal samples.

FP (False Positives): normal samples mistakenly flagged as faults.

FN (False Negatives): fault samples missed by the model.
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5 The Results

In this section, we give the specific results obtained for each model, shown via tables, matrices
and curves. We show an overall summary table with the quantitative performance metrics
(accuracy, precision, recall and F1-score), where we summarize each model’s performance in
the test set. To allow further interpretation and analysis we include confusion matrices for
all four fault categories, as these matrices represent all true positives, true negatives, false
positives and false negatives. Overall, this will give a good idea of the overall behaviour of the

models, including areas for refinements.

6 Performance of LSTM

After applying Long Short Term Memory (LSTM) training for a total of 20 epoch, we achieved

the following results, which are shown below:

Table 6: Regression Performance Metrics on the LSTM

Metric Value
Test Mean Absolute Error 0.22
Test Root Mean Squared Error  0.47
Test R? Score 0.83
Test Regression Accuracy 0.83

The results of the Confusion Matrix for LSTM are shown in Table 7. The Confusion Matrix
shows precision, recall, and F1 score. Precision tells how accurate the positive predictions are,
recall tells how many true positive instances were found, and the F1 score tells us a balanced

assessment metric that combines the precision and recall measures.

Table 7: Classification Report of LSTM

Class Precision Recall F1-score Support
bearing fault 1.00 0.67 0.80 3
mechanical fault 0.67 1.00 0.80 2
normal 0.67 1.00 0.80 2
winding fault 1.00 0.50 0.67 2
accuracy 0.78 9
macro avg 0.83 0.79 0.77 9
weighted avg 0.85 0.78 0.77
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7 Performance of ANFIS

The results obtained using the ANFIS model will be presented in the following format:

Table 8: Regression Performance Metrics on the ANFIS

Metric Value
Test Mean Absolute Error 0.39
Test Root Mean Squared Error  0.99
Test R? Score 0.04
Test Regression Accuracy 0.04

With respect to our model on the test set, its analyses are an average of about 0.39 units
away from true values (MAE) and has penalties for its rare larger errors (RMSE ~ 0.99). How-
ever, with an R? of just 0.04 which means it explains only 4% of the outcome’s variability and
gruesomely low regression accuracy it performed only marginally better than always predicting
the mean. It is a relatively weak predictor, but this simple baseline is valuable: it provides
simple and interpretable metrics in the original units of measures and provides a transparent
benchmark on which you can evaluate the benefits of adding features, or trying more flexible

models such as those that accommodate the data structure.
The outcomes utilizing the ANFIS model will be addressed in table 9 with the accuracy

value highlighting the whole of the model. The F1 score will be provided per class to bring

together precision and recall, creating an average measure.

Table 9: Classification Report of ANFIS

Class Precision Recall F1-score Support
bearing fault 0.77 0.70 0.73 47
mechanical fault 1.00 1.00 1.00 60
normal 0.81 0.93 0.87 61
winding fault 0.56 0.47 0.51 32
accuracy 0.82 200
macro avg 0.78 0.78 0.78 200
weighted avg 0.82 0.82 0.82 200
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8 Performance integration of ANFIS and LSTM

Upon implementing the integration of ANFIS and LSTM model, we achieved highly favourable

and satisfactory results.

Table 10: Regression Performance Metrics on the integration of ANFIS and LSTM

Metric Value
Test Mean Absolute Error 0.03
Test Root Mean Squared Error  0.24
Test R? Score 0.95
Test Regression Accuracy 0.95

By combining the ANFIS with the LSTM component, our hybrid approach obtained excel-
lent classification performance: the mean absolute error of only 0.03 class, and an RMSE of 0.24
class indicates nearly all predicted classes are exactly correct or within a quarter class of their
true label. An R? of 0.95 indicated that the model explained 95% of the variance in the actual
classes, and a similar regression style accuracy of 0.95 corresponds to a roughly 95% correct

classification rate.

Table 11: Classification Report the integration of ANFIS and LSTM

Class Precision Recall F1-score Support
bearing fault 1.00 0.97 0.99 38
mechanical fault 1.00 1.00 1.00 50
normal 1.00 0.97 0.98 62
winding fault 0.94 1.00 0.97 44
accuracy 0.98 194
macro avg 0.98 0.99 0.98 194
weighted avg 0.99 0.98 0.98 194

The ANFIS+LSTM model reliably demonstrates great fault detection: it never mislabels
mechanical failures, it identifies both normal and bearing fault conditions almost perfectly,
and it catches even the most complicated cases of winding faults with only very few false
alarms. This consistent, high-fidelity performance allows maintenance teams to trust alerts,
only schedule interventions when interventions are truly needed, and avoid both costly un-
planned interruptions and unnecessary inspections. Practically, this process results in smoother
operations, longer equipment lifetimes, and significantly less maintenance overhead; which is

the hallmark of any effective predictive maintenance system.
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9 Confusion matrix

We now report and compare the confusion matrices for each experimental case. A confusion
matrix details each model’s predictions vs true labels and the number of correctly predicted
instances; true and false positives and true and false negatives. The confusion matrices enable
further detail of the model performance in terms of which fault types can be most confidently

detected, in which situations misclassification occur, and the case wise metrics of all classes.

This evaluation of our models is beneficial since it confirms accuracy while demonstrating
strengths and weaknesses; therefore, adjustments can be made to rectify weaknesses and

increase the robustness of our predictive maintenance solution.

Confusion Matrix
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Figure 37: Confusion Matrix of LSTM.
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Figure 39: Confusion Matrix of integration of ANFIS and LSTM.

*The confusion matrix for" integration of ANFIS and LSTM " shows that the model correctly
designated nearly all of the fault types in each class; it got perfect scores for mechanical and
winding faults, 94 % for bearing faults( with only minor misclassifications), and 92% for "normal"
(with 8% remaining confused with winding faults). Given the performance in each class, the
classifier can be trusted to detect critical failures with few false positives. Any remaining errors

tightly delineate where additional data or feature engineering could eliminate the last errors.
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10 The Curves

To perform predictive maintenance on the induction motor, presented loss vs epoch curves for
the training and validation sets separately. In each figure, we see training loss dropping as the
model captures underlying structure when learning, while validation loss similarly decreases
before flattening (or slightly increasing); this means we have not had severe overfitting. By
comparing curves across models we can assess which model converges fastest, which main-
tains the smallest gap between training loss and validation loss, and which may be on the
point of over fitting. In total, these visualizations offer learning dynamics in a clear epoch
by epoch fashion and help inform our decisions for early stopping, hyper parameter tuning,

and architectural change to optimize model performance on previously unseen motor fault data.
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Figure 40: Curve of loss and accuracy of LSTM.
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Figure 41: Curve of loss and accuracy of ANFIS.
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Figure 42: Curve of loss and accuracy the integration of ANFIS and LSTM.
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Figure 43: Blynk IoT mobile app dashboard.
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12 Results Discussion

The experimental findings illustrate a unambiguous ranking in model performance and conver-

gence behaviors:

the LSTM model alone achieves a significant decline in loss over the 18 epochs but is only
able to attain a low, volatile accuracy (15-20%) which suggests the model is learning temporal

patterns, yet is unable to convert this learning into consistent classification.

The ANFIS model, by contrast, achieves a stable, linear decline in loss over 50 epochs
and identifies some variable relationships to yield a modest validation accuracy of 73% which
demonstrates its capacity for capturing nonlinear relationships, but also signifies that its learn-

ing features are slower dispersion dynamics relative to the other models.

The hybrid ANFIS+LSTM model was able to leverage the temporal feature extraction
performance of LSTM and fuzzy logic inference of ANFIS to converge before 15 epochs to
near-perfect training and validation accuracy (=~ 0.98%) without over fitting. All these results
highlight that whilst the individual components have their benefits, the hybrid model converges
in training more quickly than the previous models and demonstrates powerful predictive

performance, which is an important consideration for complex time series classification tasks.
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13 Conclusion

In this chapter, we have carefully provided details on our experimental evaluation, presenting
a description of the real-world dataset and the preprocessing that made the dataset suitable
for fault-classification tasks, reviewing the hybrid architectures (LSTM, ANFIS, and fused
architectures), and explaining some of the design decisions in the experiment. Through series
of experiments, we demonstrated the constant performance advantageous for the fused ANFIS

+ LSTM model with precision, recall, and F1-scores nearing 1 across all faults.

The confusion matrices and the loss-accuracy plots show quickly attaining convergence,
generalization, and limited over fitting. Overall, this not only validates this methodology but
highlights the readiness for industrial application that highlights reliable, consistent, real-time
detection of faults which leads to minimized downtime and therefore costs of maintenance

within industrial predictive-maintenance contexts.
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General conclusion

Deep learning has gained immense traction in both academia and industry due to its brain-
inspired ability to learn rich representations for complicated tasks, in applications ranging
from remote sensing to intelligent transportation. Deep learning is fundamentally an advanced
method that excels at automated knowledge acquisition and automated pattern recognition,
and automated decision making which has opened up a wide array of new opportunities for

solving challenging problems in artificial intelligence (AI) and beyond.

We leveraged this potential, in this work, to design and develop an effective predictive-
maintenance framework for three-phase induction motors. We first described that while an
LSTM network was good at discovering temporal patterns, classification accuracy was not
consistently reliable with only the LSTM network. We then demonstrated how an ANFIS model
(that used fuzzy-logic inference) could also learn nonlinear relationships reliably but converged
more slowly. By modelling both the ANFIS and LSTM in a single end-to-end design, we were
able to bring together rapid temporal feature learning with interpretable fuzzy rules, achieved
fast convergence, close to 98% fault detection performance, and a consistent accuracy rate

across all fault types in our predictive-maintenance data-set.
This hybrid model was able to drastically reduce false alarm rates, false negatives, general-

ized well to unseen data, and provided sufficient flexibility to be a solid foundation for industry

grade predictive maintenance models when deployed in the real world.
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