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Abstract
Motor, due to their increased use in many of the application,have become critical in the safety and

reliability of engineering system.An induction motor is a type of ac motor in which power is supplied

to the rotor by means of electromagnetic induction.A practical machine learning based fault diagnosis

method is proposed for induction motors using experimental data.In this Project ,Condition Monitoring

based on motor current signature analysis (MCSA), Vibrational and Acoustic emission of bearing

faults.For condition monitoring,two identical single phase induction motor is used,one for healthy data

acquisition and other one is use for faulty data acquisition.The project has two parts,first one deals with

the design of data acquisition setup to acquire baseline (without fault) data under various rpm and loads

conditions.In second phase frequently occurring bearing faults (Outer Race,Inner Race, Ball Fault

and Compound Fault) are injected and data under same conditions is acquired.The faulty data along

with the baseline healthy data is analyzed and extract the time and frequency domain features using

MATLAB. Classification algorithms applied for prediction of motor condition(Healthy or faulty).Three

classification algorithms, support vector machine (SVM), K-nearest neighbors (KNN), and Ensemble,

with 17 different classifiers offered in MATLAB Classification Learner toolbox are used in the study

to evaluate the performance and suitability of different classifiers for induction motor fault diagnosis.
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Chapter 1

1 Introduction to the Project

1.1 Project Title

The title of the project is ”Application Of Machine Learning Algorithms In Bearing
Faults Diagnosis Of Induction Motor Using Motor Current Signature Analysis (MCSA),
Vibrational and Acoustic Emission”.

1.2 Project Overview

This project focus to investigate the use of machine learning methods in the area
of induction motor failure diagnosis and the main aiming to improve the accuracy
and efficiency of the diagnostic process and fill the Research gape. Our main goal
is to utilize machine learning techniques to analyze data acquisition from induction
motors Experimental Setup. The development of models identify and categorize
various faults by utilizing machine learning techniques. In the proposed study, labeled
datasets comprising details regarding various bearing fault types including inner race
,outer race,ball fault and compound bearing fault.There are many condition monitoring
techniques which includes thermal monitoring, Acoustic monitoring,chemical monitoring
but out of all techniques three are selected for this project (Current signature, Vibrational
and Acoustic ). These datasets will be used to train machine learning algorithms
to discover the patterns and traits unique to each fault type. These algorithms can
be trained to recognize an induction motor’s typical working behavior and extracted
features.Electric machines, in the form of synchronous and induction generators, produce
about 95% of all electric power on Earth (as of early 2020s),[1] and in the form of
electric motors consume approximately 60% of all electric power produced.

1.3 Scope of the Project

The scope of applying machine learning algorithms algorithms for diagnosing faults in
induction motors, specifically targeting bearing faults and analyzing vibration, Acoustis
and motor current signatures. It discuss real-world applications, and consider future
directions like incorporating additional sensors or advanced techniques, all within the
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scope of practical considerations for real-time industrial deployment. This research
work aims to unlock the potential of condition monitoring for early, reliable fault
detection in induction motors, offering significant benefits for predictive maintenance
and industrial efficiency.The project evaluates the performance and suitability of three
classification algorithms - Support Vector Machine (SVM), K-Nearest Neighbors (KNN),
and Ensemble methods - for predicting motor condition (healthy or faulty). The ultimate
goal is to assess the effectiveness and reliability of the proposed methodology in practical
fault diagnosis scenarios

1.4 Project Milestone

Following milestones have been established for this project:-

• Understanding of project

• Understanding working principles of induction motors

• Establishing experimental bench

• Setup of data acquisition system

• Injecting faults and Acquisition of healthy and faulty data

• Feature Extraction of the data

• Machine Learning algorithms design and prediction

• Development of Graphical User Interface for Result show

1.5 Research Focus and Specific Fault Types

The research primarily focuses on the development and application of machine learning
algorithms for fault diagnosis in induction motors, with a specific emphasis on bearing
faults(Outer Race, Inner Race, Ball fault and Compound fault). The project aims
to investigate the effectiveness of condition monitoring techniques, including Motor
Current Signature Analysis (MCSA), vibrational analysis, and acoustic emission analysis,
for detecting and diagnosing various types of bearing faults. Specifically, the study
targets frequently occurring bearing fault types such as outer race, inner race, ball
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fault, and compound faults. Through comprehensive experimental data acquisition and
analysis, the project seeks to identify distinctive fault signatures and develop robust
classification models capable of accurately distinguishing between healthy and faulty
motor conditions. Furthermore, the research evaluates the performance and suitability of
different classification algorithms, including Support Vector Machine (SVM), K-Nearest
Neighbors (KNN), and Ensemble methods, to determine the most effective approach for
practical fault diagnosis in induction motors.

RESTRICTED 10



RESTRICTED

Chapter 2

2 Literature Review

2.1 Basic Overview

Machine learning algorithms acquired sensor data of induction motors improve failure

diagnostics. These algorithms can be trained on labeled datasets that contain details

about various fault kinds, allowing them to discover the patterns and traits unique to

each fault type. Extracting relevant features from motor signals vibration data identify

the presence of faults and train the model on machine learning algorithms.There are

three streams of research on fault diagnosis for induction motors [2]:

• 1) signature extraction based approaches: The signature extraction based techniques

are finished by using fault signatures in time and/or frequency domain. Current,

voltage, vibration, temperature, and acoustic emission can function monitoring

signals. Signatures extracted from the recorded tracking alerts are used to discover

faults. Motor Current Signature Analysis (MSCA), a well-known spectral analysis

approach, is one of the maximum famous techniques for online monitoring induction

cars in business environments.

• 2) model-based approaches: The model-based approaches rely on mathematical

modeling to predict behaviors of induction motors under fault conditions.Although

model-based approaches can provide warnings and estimate incipient faults, its

accuracy is largely dependent on explicit motor models, which may not be always

available.

• 3) knowledge based approaches; The knowledge-based approaches, do not require a

trigger threshold, machine models, motor or load characteristics. Knowledge-based

approaches use machine learning techniques for on-line and off-line applications.AI

methods have been applied for fault diagnosis in very time-varying and non-

linear systems. With continuous advancement of machine learning algorithms, the
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knowledge-based approach emerges as a promising research direction for induction

motor fault diagnosis with great industrial application potential.

2.2 Induction Motor

An induction motor or asynchronous motor is an AC electrical machine that converts

electrical energy into mechanical energy. It is a widely used type of motor due to its

simplicity, reliability, and cost-effectiveness. An Induction machine is defined as an

asynchronous machine is an AC electric motor in which the electric current in the rotor

needed to produce torque as shown in Figure.[3]

Figure 1: Induction Motor view

The construction of an induction motor consists of two main components:

• Stator

• Rotor

The stator is the stationary part of the motor and contains a series of winding coils that

are evenly distributed around the stator’s core. These windings are typically made of

copper or aluminum and are connected to an alternating current (AC) power supply. The

rotor, on the other hand, is the rotating part of the motor. It is separated from the stator

by a small air gap. The rotor can be of two types [4]:

• Squirrel Cage
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Figure 2: Stator (left) and Rotor (right)

• Wound Rotor

Figure 3: Squirrel cage (left) and wound rotor (right)

2.3 Faults in Induction Motors

A range of faults can occur within induction motor during the course of operation. These

faults can lead to a potentially disastrous failures if unnoticed. There are different types

of Induction motor faults which is classified into two groups:

• Electrical Faults

• Mechanical Faults

Different faults of induction motors are generally classified as either electrical or

mechanical faults. Different types of faults include stator winding faults, rotor bar

RESTRICTED 13



RESTRICTED

breakage, misalignment, static and/or dynamic air-gap irregularities and bearing gearbox

failures. The most common fault types of these rotating devices have always been

related to the Machine shaft or rotor.

Figure 4: Block diagram classification of Induction Motor Faults
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2.4 Mechanical Faults

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

mechanical faults are classified as bearing fault, Air gap eccentricity fault and broken

rotor bar fault.

2.4.1 Air gap eccentricity

Air gap eccentricity is known as a condition that occurs when there is a non-uniform or

asymmetric distance between the rotor and stator in the air gap. It is a specific fault that

can occur in induction motors. It refers to the deviation of the rotor’s center line from

the true circular path within the stator’s air gap. This fault can cause of vibration and

noise. It can be caused by various factors, including manufacturing defects, improper

assembly, or mechanical stresses. There are three types of air gap eccentricity:

• Static eccentricity

• Dynamic eccentricity

• Mixed eccentricity

Figure 5: Air gap eccentricity and its three types

2.4.2 Broken rotor bar

During the process in manufacture, non-uniform metallurgical stresses may be built into

cage assembly and lead to failure during operation. When thermal stresses imposed

upon it during starting of machine. Because of these reasons, rotor bar may be damaged

and simultaneously unbalance rotor situation occur.
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Figure 6: Broken Rotor Bar

2.4.3 Bearing Faults

This fault contains over 40% of all induction machine failures. The majority of electrical

machines use ball or rolling element bearings and these are one of the most common

causes of failure. These bearing consist of an inner and outer ring with a set of balls or

rolling elements placed in raceways rotating inside these rings as shown in Figure. In

the Figure Artificial bearing defects are shown which are outer race defect and inner

race defect. Since, the rolling elements of a rolling element bearing ride on races. The

large race that goes into a bore is called outer race, and the small race that the shaft rides

is called inner race. Faults in the inner raceway, outer raceway or rolling elements will

produce unique frequency components in the measured machine vibration and other

sensor signals. These bearings fault frequencies are functions of the bearing geometry

and the running speed. Bearing faults can also cause rotor eccentricity.[14][23]

Figure 7: Artificial Bearing Fault (a) Outer Race Fault (Left) (b) Inner Race Fault (Right)

2.5 Electrical Faults

Electrical faults in induction motors refer to faults that occur within the electrical

components of the motor, including the stator, rotor, windings, and electrical connections.
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These faults can have a significant impact on the motor’s performance, efficiency, and

reliability. It consists of Stator winding fault, Rotor bar fault, Insulation degradation,

Voltage imbalance etc.

2.5.1 Stator Fault

Stator fault occur mainly due to inter turn winding faults caused by insulation breakdown.

They are generally known as phase-to-ground or phase-to-phase faults. The stator

winding consists of coils of insulated copper wire placed in the stator slots. Stator

winding faults are often caused by insulation failure between two adjacent turns in a

coil. This is called a turn-to-turn fault or shorted turn as shown in fig 8.[24]

Figure 8: Graphical Representing of Stator Fault

2.5.2 Rotor Fault

Rotor faults occur about almost 10 percentage of total induction motor faults. These

faults are caused by rotor winding. The rotor faults are mainly broken rotor bars because

of pulsating load and direct on-line starting. It results into fluctuation of speed, torque

pulsation, vibration, overheating, arcing in the rotor and damaged rotor laminations.[24]

2.6 Faults by Percentage Occurance

A statistical study conducted jointly by the Electric Power Research Institute (EPRI) and

the Institution of Electrical and Electronics Engineers (IEEE) examines the percentage

failure components of induction motors. This comprehensive investigation aims to

provide the prevalence and distribution of faults in induction motors across various
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faults condition. By analyzing a large dataset of motor failures, the study aims to identify

the most common failure components, quantify their occurrence rates, and understand

their impact on motor reliability and performance. Through rigorous statistical analysis

and data interpretation, the study seeks to contribute valuable knowledge to the field of

motor reliability engineering, informing maintenance strategies, design improvements,

and operational practices aimed at reducing downtime and enhancing system reliability.

A statistical study of induction motor Faults by Electric Power Research Institute(EPRI)

and Institution of Electrical and Electronics Engineers (IEEE) of percentage failure

components of induction motor are as shown in Figure.[5]

Figure 9: Percentage Component of Induction Motor Failure (Courtesy IEEE and EPRI)

2.7 Importance of Induction Motors in Various Industries

Induction motors are crucial workhorses in a vast array of industries, playing a vital role

in powering diverse applications. Their simplicity, robustness, reliability, and energy

efficiency make them the most widely used electric motor globally. Here’s an overview

of their significance in different sectors:

2.7.1 Manufacturing:

• Production lines: Induction motors drive conveyors, pumps, fans, robots, and

numerous other machinery crucial for manufacturing processes across diverse

sectors (automotive, textile, food processing, etc.).

• Machine tools: Milling, drilling, and cutting machines utilize induction motors for

controlled, precise operation in metalworking and fabrication.
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• HVAC systems: These motors power compressors, fans, and pumps responsible for

heating, ventilation, and air conditioning in factories and industrial buildings.

2.7.2 Energy and Utilities:

• Power generation: Large induction motors are used in generators to convert wind

energy, hydroelectric power, and natural gas power into electricity.

• Oil and gas industry: Pumps, compressors, and pipelines within this sector rely on

induction motors for efficient operation.

• Water and wastewater treatment plants: These facilities utilize induction motors for

pumps, blowers, and other critical equipment.

2.7.3 Agriculture and Mining:

• Irrigation systems: Pumps driven by induction motors provide water for crops and

livestock.

• Conveyors and processing equipment: Mines and quarries utilize these motors for

transporting and processing raw materials.

• Farm machinery: Grain mills, hay balers, and other agricultural equipment often

rely on induction motors.

2.7.4 Consumer Goods and Appliances:

• Washing machines, refrigerators, and air conditioners: These common household

appliances often rely on induction motors for their functionality.

• Power tools and lawnmowers: Portable induction motors provide the power for

these consumer goods.

• Medical equipment: MRI machines, dialysis equipment, and other medical devices

utilize these motors for precise operation.
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2.8 Available Dataset

Nowadays, a huge amount of data is collected in industry and science for different

purposes; some of it is made public in repositories or on websites. But obtaining the

appropriate data in the needed quality and quantity for specialized research often is

still challenging, especially, if a wide range of different types of damages or the yet

rarely used MCS are the target of interest. This also applies to training data for bearing

diagnostics employing ML-algorithms.Some diagnostic data sets for bearing damages

are publicly available; the most popular and comprehensive ones are listed below:

• CWRU: The Case Western Reserve University (CWRU) Bearing Data Center is

a widely recognized repository of bearing vibration data used for research and

development in condition monitoring, fault diagnosis, and prognostics of rotating

machinery. The ball bearing test data provided by the CWRU Bearing Data Center

includes experiments conducted using a 2 hp Reliance Electric motor. Acceleration

data was measured at locations near to and remote from the motor bearings.

The motor bearings were intentionally seeded with faults using electro-discharge

machining (EDM). These faults ranged in diameter from 0.007 inches to 0.040

inches and were introduced separately at the inner raceway, rolling element (ball),

and outer raceway of the bearings.Data was collected for normal bearings, single-

point drive end and fan end defects. Data was collected at 12,000 samples/second

and at 48,000 samples/second for drive end bearing experiments.All fan end bearing

data was collected at 12,000 samples/second.Data files are in Matlab format. Each

file contains fan and drive end vibration data as well as motor rotational speed.[6]

• Paderborn Bearing: Paderborn bearing datasets provided by the Paderborn University

Faculty of Mechanical Engineering.The Paderborn Bearing Data Sets, also known

as the Paderborn Bearing Data Center, is a collection of datasets hosted by the

University of Paderborn, Germany. These datasets are widely used in the field

of machine learning, specifically for tasks related to bearing fault detection and

diagnosis.Synchronously measured motor currents and vibration signals with high
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resolution and sampling rate of 26 damaged bearing states and 6 undamaged

(healthy) states for reference.Supportive measurement of speed, torque, radial load,

and temperature.20 measurements of 4 seconds each for each setting, saved as a

MatLab file.Systematic description of the bearing damage by uniform fact sheets

and a measuring log, which can be downloaded with the data.[7]

• Mendeley dataset: Mendeley Data is a platform where researchers can share and

access datasets associated with scientific publications. The ”Bearing Vibration Data

under Time-varying Rotational Speed Conditions” dataset available on Mendeley

Data likely contains vibration signals recorded from bearings under conditions

where the rotational speed varies over time.The data contain vibration signals

collected from bearings of different health conditions under time-varying rotational

speed conditions. There are 36 datasets in total. For each dataset, there are two

experimental settings: bearing health condition and varying speed condition. The

health conditions of the bearing include (i) healthy, (ii) faulty with an inner race

defect, and (iii) faulty with an outer race defect. The operating rotational speed

conditions are (i) increasing speed, (ii) decreasing speed, (iii) increasing then

decreasing speed, and (iv) decreasing then increasing speed. Therefore, there are

12 different cases for the setting. To ensure the authenticity of the data, 3 trials are

collected for each experimental setting which results in 36 datasets in total.[8]

• Acoustic data: Data was recorded from four 0,8 kW, 1400 rpm induction motors

(the SZJKe 14a), each having the same working parameters, but differing in terms

of health state.Motor (SZJKE 14a) Experiments and development of fault detection

and diagnostics methods using the same motors.Acoustic signals were measured by

three (G.R.A.S. 46 AE ) microphones and with a 3D Sound Intensity Micro flown

probe, Model USP regular. [9]

• MAFAULDA: Machinery Fault Database is composed of 1951 multivariate time-

series acquired by sensors on a SpectraQuest’s Machinery Fault Simulator (MFS)

Alignment-Balance-Vibration (ABVT). The 1951 comprises six different simulated
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states: normal function, imbalance fault, horizontal and vertical misalignment faults

and, inner and outer bearing faults. This section describes the database.Three

Industrial IMI Sensors, Model 601A01 accelerometers on the radial, axial and

tangencial directions.[10]
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Chapter 3

3 Condition Monitoring Techniques

Condition monitoring, also known as Health monitoring, involves continuously evaluating

the equipment’s health throughout its operational lifespan. Its primary purpose is to

detect faults in their early stages, referred to as incipient failure detection, in order to

ensure a safe operating environment. By implementing health monitoring systems for

induction motors, the electrical condition of the machines can be continuously assessed.

This enables the provision of timely warnings for impending failures, allowing for

effective scheduling of preventive maintenance and repair activities. Consequently,

this approach minimizes downtime and optimizes maintenance schedules, leading to

improved operational efficiency.

3.1 Need of Condition Monitoring Techniques

Condition monitoring is defined as the continuous evaluation of the health of the

plant and equipment throughout its service life. It is important to be able to detect

faults while they are still developing. This is called incipient failure detection [11].

The incipient detection of motor failures also provides a safe operating environment.

It is becoming increasingly important to use comprehensive condition monitoring

schemes for continuous assessment of the electrical condition of electrical machines. By

using the condition monitoring, it is possible to provide adequate warning of imminent

failure.It can result in minimum down time and optimum maintenance schedules [12].

Condition monitoring and fault diagnosis scheme allows the machine operator to have

the necessary spare parts before the machine is stripped down, thereby reducing outage

times. Therefore, effective condition monitoring of electric machines is critical in

improving the reliability, safety, and productivity.
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3.2 Existing Condition Monitoring Techniques

This research is focused on the condition monitoring and fault diagnosis of electric

machines. Fault diagnosis is a determination of a specific fault that has occurred in

system. A typical condition monitoring and fault diagnosis process usually consists

of four phases as shown in Figure.Condition monitoring has great significance in the

business environment due to the following reasons:

• To reducing unplanned downtime and costly repairs, ultimately leading to cost

savings in maintenance operations.

• To predict the equipment failure

• To improve equipment and component reliability

• To improve the accuracy in failure prediction

Figure 10: Process for fault diagnosis

Several methods have evolved over time but the most prominent techniques are thermal

monitoring, vibrational monitoring, electrical monitoring, noise monitoring etc.
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3.2.1 Vibration Monitoring

Vibration analysis is a widely used technique to monitor the mechanical condition of

induction motors. It helps detect faults like misalignment, bearing wear, unbalance, and

rotor issues. Sensors are strategically placed on the motor to capture vibration signals,

which are then processed and analyzed to detect faults such as misalignment, unbalance,

bearing wear, mechanical looseness, and rotor faults. By comparing vibration patterns

against established baselines or thresholds, deviations can be identified, indicating the

presence of abnormalities. Trending the vibration data over time allows for monitoring

changes and early fault detection. This information is used to plan appropriate maintenance

actions, including corrective and preventive measures, to ensure reliable and efficient

motor operation while minimizing downtime and optimizing maintenance schedules.Li

et al.[13] carried out vibration monitoring for rolling bearing fault diagnoses. The final

diagnoses are made with an artificial NN. The research was conducted with simulated

vibration and real measurements. In both cases, the results indicate that a neural network

can be an effective tool in the diagnosis of various motor bearing faults through the

measurement and interpretation of bearing vibration signatures. Step following in

Vibrational monitoring Techniques:

Figure 11: Steps of Vibrational Technique

3.2.2 Temperature Monitoring

Temperatures monitoring as stator windings, bearings, and cooling systems temperature

swings can be a sign of problems with insulation deterioration or insufficient cooling.

The stator windings, bearings, and cooling systems are just a few of the places on the
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motor where sensors are strategically positioned to measure temperature. The thermal

behavior of the motor is then evaluated using these values, and any variations from

typical operating temperatures are found. Increased temperatures may be a sign of

problems including deteriorating insulation, failing bearings, insufficient cooling, or

overloading. Potential flaws or abnormal circumstances can be detected early on by

tracking temperature trends and comparing them to predetermined thresholds or previous

data.Electrical machinery can be thermally monitored by estimating parameters or by

measuring the motor’s overall or local temperature. Excessive heat is produced in

the shorted turns by a stator current fault, and this heat extends the fault’s severity

until it reaches a destructive stage. As a result, some researchers developed thermal

model of electric motors.thermal models of electric machines are classified into two

categories[15]:

• Finite element Analysis based model

• Lumped parameter thermal models

FEA based models are more accurate, but highly computational intensive. A lumped

parameter thermal model is equivalent to thermal network that is composed of thermal

resistances, capacitances, and corresponding power losses. The accuracy of model

is generally dependent on the number of thermally homogenous bodies used in the

model[15][16] .

3.2.3 Acoustic Emission Testing

Acoustic emission testing uses sensors to detect and analyze high-frequency sound waves

emitted by the motor. It helps identify issues such as mechanical faults, bearing defects,

or arcing. Specialized sensors are used to capture these acoustic emissions, which are

then analyzed to assess the health of the motor and detect potential faults. Acoustic

emissions can indicate various issues such as mechanical faults, bearing defects, arcing,

or structural weaknesses. By analyzing the characteristics of the emitted sound waves,

including their intensity, frequency, and duration, faults can be identified and classified.

Acoustic emission testing is particularly useful for detecting early signs of deterioration
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or impending failures that may not be easily observable through other monitoring

techniques. It enables proactive maintenance actions to be taken, such as lubrication,

repair, or replacement of faulty components, to prevent catastrophic failures and optimize

the reliability and performance of the motor.The early fault diagnostic technique based

on acoustic signals. The proposed technique was used for the single-phase induction

motor. The following states of the motor were analysed:healthy single-phase induction

motor, single-phase induction motor with faulty bearing, single-phase induction motor

with faulty bearing and shorted coils of auxiliary winding.[17]

3.2.4 Motor Current Signature Analysis (MCSA)

It is a widely used health monitoring technique for induction motors. MCSA involves

analyzing the electrical current waveform of the motor to detect abnormalities and

diagnose faults. By monitoring the motor’s current signature, deviations from normal

operating conditions can be identified, indicating the presence of faults such as rotor

bar defects, eccentricity, or mechanical problems. MCSA allows for the early detection

of developing faults, enabling proactive maintenance actions to be taken before major

failures occur. By comparing the current waveform against reference signatures or

predefined thresholds, abnormal patterns can be detected, allowing for timely interventions

to prevent downtime and optimize maintenance schedules. MCSA is a non-intrusive

technique that can be performed while the motor is in operation.Randy R. Schoen et.

al.[18] addressed the application of motor current signature analysis for the detection of

rolling-element bearing damage in induction machines. The investigates the efficacy of

current monitoring for bearing fault detection by correlating the relationship between

vibration and current frequencies caused by incipient bearing failures.The bearing

failure modes are reviewed and the characteristic bearing frequencies associated with

the physical construction of the bearings are defined.M.E.H. Benbouzid and H. Nejjari

et. al.[19] stated that preventive maintenance of electric drive systems with induction

motors involves monitoring of their operation for detection of abnormal electrical and

mechanical conditions that indicate, or may lead to, a failure of the system. Intensive
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research effort has been for sometime focused on the motor current signature analysis

Miletic and Cettolo [20] acknowledged that Motor Current Signature Analysis (MCSA)

is one of the widely used diagnostic methods. This method is based on measurement of

sidebands in the stator current spectrum. These sidebands are usually located close to the

main supply frequency. Frequency converter causes supply frequency to slightly vary in

time and, as a result, some additional harmonics in the current spectrum are induced and

sidebands are reduced. These harmonics can be easily misinterpreted as the sidebands

caused by the rotor faults. In this study, the experimental results of fault diagnosis

carried out using standard supply and using frequency converter were compared and

presented. All tests were performed on 22 kW induction motor.

Jason R. Stack et. al. [21] introduced the notion of categorizing bearing faults as either

single-point defects or generalized roughness. This is important because it divides these

faults according to the type of fault signatures they produce rather than the physical

location of the fault. The benefit of this categorization is twofold. First, it ensures that

the faults categorized as generalized roughness are not overlooked. The majority of

bearing condition monitoring schemes in the literature focus on detection of single-point

defects. While this is an important class of faults, a comprehensive and robust scheme

must be able to detect both generalized roughness and single-point defect bearing faults.

Second, grouping faults according to the type of fault signature they produce provides a

clearer understanding of how these faults should be detected.

3.3 ISO standard of Condition Monitoring of Machines

ISO (the International Organization for Standardization) is a worldwide federation

of national ISO (the International Organization for Standardization) is a worldwide

federation of national standards bodies (ISO member bodies). The work of preparing

International Standards is normally carried out through ISO technical committees.

Each member body interested in a subject for which a technical committee has been

established has the right to be represented on that committee.The document provides
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guidelines for condition monitoring and diagnostics of machines using parameters

such as vibration, temperature, flow rates, contamination, power, and speed typically

associated with performance, condition, and quality criteria. The evaluation of machine

function and condition may be based on performance, condition or product quality.[22]

• ISO 22096:2007(en) is the ISO standard for condition monitoring and diagnostics

of machines using acoustic emission.Acoustic emission is a technique that monitors

a component for defects by causing tiny earthquakes in the material. This technique

allows large structures and machines to be monitored while in operation with

minimal disruption.

• ISO 20958:2013 is an international standard that provides guidance for online

condition monitoring and diagnostics of machines using electrical signature analysis.

It was introduced on August 15, 2013 and is applicable to three-phase induction

motors

• ISO 11342:1998, Mechanical vibration — Methods and criteria for the mechanical

balancing of flexible rotors

• ISO 13381-1, Condition monitoring and diagnostics of machines — Prognostics —

Part 1: General guidelines

• ISO 20816 (all parts), Mechanical vibration — Measurement and evaluation of

machine vibration

• ISO 13373-1, Condition monitoring and diagnostics of machines — Vibration

condition monitoring — Part 1: General procedures

• ISO 13379-1 was prepared by Technical Committee ISO/TC 108, Mechanical

vibration, shock and condition monitoring, Subcommittee SC 5, Condition monitoring

and diagnostics of machines.

The part of ISO 13379 contains general procedures that can be used to determine

the condition of a machine relative to a set of baseline parameters. Changes from

the baseline values and comparison to alarm criteria are used to indicate anomalous
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behaviour and to generate alarms: this is usually designated as condition monitoring.

Additionally, procedures that identify the cause(s) of the anomalous behaviour are given

in order to assist in the determination of the proper corrective action: this is usually

designated as diagnostics.
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Chapter 4

4 Methodology

The main aim of this project to get an efficient and accurate fault diagnosis system for

single phase Induction motor bearing Faults using machine learning algorithms . By

this approach we can timely maintenance of our Induction Motor, reduce downtime

and enhance the overall reliability of Induction motor.Experiments were conducted

on two identical induction motors under healthy,single- and multi-fault conditions.

Stator currents and vibration signals and Acoustic signals of the motors were measured

simultaneously in each testing.In this paper, 4-pole, 0.5 HP, 208-230V, 1450 rpm

rated squirrel-cage induction motor purchased for experiments. Two identical motors

named as “Healthy Motor ” and “Faulty Motor ”, which are treated as sister units,

are used.Healthy Motor is mainly tested for Healthy conditions, and Faulty Motor

for different faults condition. The healthy, single- and compound-fault conditions are

applied to the step-by-step methodology that will be adopted for the project is shown

below:

Figure 12: Methodology
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4.1 Induction Motor Workbench

The process of acquiring data from induction motors involves setting up appropriate

experimental configurations and deploying a robust data acquisition system capable of

capturing relevant signals. Induction motor setup typically includes mounting sensors,

such as accelerometers for vibration measurement , Current sensors for current signature

analysis and Acoustic sensor for Sound data at strategic locations on the motor housing.

These sensors are carefully positioned to ensure optimal signal acquisition and coverage

of critical motor components, such as bearings.In the experimental test bench (in

Figure), an induction motor is connected with the voltage Regulator to a single-phase

power supply.Through Voltage Regulator control the rpm of the motor.The vibration

is measured by a tri-axial accelerometer (adxl-335), for Current measurement (AC-

712) Sensor and for Acoustic Data (KY-037) is used.The accelerometer is mounted

on the top of the motor near the face end, vibration at the axial (x-axis), vertical

(y- axis) and horizontal (z-axis) directions is measured. The sampling frequency for

Figure 13: workbench

vibration measurements is 1 kHz. In each test, single phase stator currents (I) , vibration

at x-, y-, and z-axis and Sound data during the start-up and steady-state conditions

are recorded simultaneously for two minutes. A single- or compound-fault creates

unbalance inside the motor, which will be reflected in stator currents ,Acoustic and
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vibration signals.Induction Motor are tested on different rpm (1450, 1200 and 950) and

different Load (100W , 200W , 300W) conditions.

4.2 Different Sensors Used for Different Condition monitoring

A sensor is a device or component that detects and measures physical phenomena or

environmental conditions and converts them into electrical signals or other readable

forms. Sensors can be a wide range of applications, like industrial systems, automotive

systems, consumer electronics, medical devices etc. They enable monitoring, control,

and feedback mechanisms by capturing information about various parameters such as

temperature, pressure, light intensity, motion etc. There are various sensors that you can

use for fault diagnosis in induction motors. Here are some commonly used sensors for

condition monitoring :

• Current Sensor

• Acoustic Sensor

• Vibrational Sensor

4.3 Data Acquisition

Dataset covers a wide range of fault and healthy condition including bearing faults,Acoustic

faults and Current faults.We have the three sensor for data collection of these Faults.

Normalize and Auto-scale the data set for comparison and analysis of fault diagnosis.It

enables the extraction of relevant information from the raw signals, facilitating fault

diagnosis, condition monitoring, and performance analysis.All data comprises of different

load conditions(no load, 100W , 200W and 300W) and Different rpm conditions (1450

rpm, 1200 rpm and 950 rpm).Collecting all dataset and by using Matlab convert the

dataset files into Ensemble data (memtable) to ready for the feature Extraction.All the

dataset divide into two parts 1) Training data 2) Testing data .Overall data divide into 70

percentage data for Training and 30 percentage data for Testing.
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Figure 14: Three different dataset

The overall data consists of four load condition and three RPM condition.Four Load

condition involve :

• No Load

• 100 Watt

• 200 Watt

• 300 Watt

Three RPM condition involve:

• 1450 rpm

• 1200 rpm

• 950 rpm

The overall table of the data table is include all dataset such as :
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Figure 15: Overall Dataset Table

4.4 Feature Extraction

Figure 16: Diagnostic Feature Designer workflow
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For Feature Extraction of Time Domain features and frequency Domain features used

Diagnostic feature designer tool of the Matlab. Machine learning relies on features

extracted from measurement signals [31] The most effective features can ultimately

become your condition indicators for fault diagnosis and prognostics.The app operates on

ensemble data. Ensemble data contains data measurements from multiple members, such

as from multiple similar machines or from a single machine whose data is segmented

by time intervals such as days or years. The data can also include condition variables,

which describe the fault condition or operating condition of the ensemble member. Often

condition variables have defined values known as labels. It divide into three parts:-

Time Domain Frequency Domain Time-Frequency Domain
RMS Peak amplitude Spectrogram

Standard deviation Peak frequency Short-Time Fourier Transform (STFT)
Shape factor Number of peaks Wavelet Transform

Kurtosis Damping factor Mel-Frequency Cepstral Coefficients (MFCCs)
Skewness Band Energy Wigner-Ville Distribution (WVD)

Table 1: Table of Extracted Features
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4.4.1 Time Domain Features:

Diagnostic Feature Designer app provides a user-friendly interface for extracting time

domain features from signals, which can be particularly useful for diagnostic purposes

in various applications such as condition monitoring, fault detection, and predictive

maintenance. Time domain features are derived directly from the signal’s amplitude

values over time, without any transformation to the frequency domain.

• Mean (Average): The mean is a measure of the central tendency of the signal and

represents the average value of all the data points in the signal.

• Standard Deviation: The standard deviation quantifies the dispersion or spread of

the signal around its mean. It provides a measure of the variability or fluctuation in

the signal.

• Root Mean Square (RMS): The RMS value is calculated as the square root of the

mean of the squared values of the signal. It represents the effective amplitude of the

signal and is often used to quantify signal power.

• Skewness: Skewness measures the asymmetry of the signal’s distribution around

its mean. A positive skewness indicates that the tail of the distribution extends more

to the right, while a negative skewness indicates a longer tail to the left.
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• Kurtosis: Kurtosis measures the ”peakedness” or ”tailedness” of the signal’s

distribution. A higher kurtosis value indicates a sharper peak and heavier tails,

while a lower kurtosis value indicates a flatter distribution.

• Peak Amplitude: The peak amplitude is the maximum absolute value of the signal,

regardless of its polarity. It represents the maximum excursion of the signal from

its mean.

• Crest Factor: The crest factor is the ratio of the peak amplitude of the signal to its

RMS value. It provides information about the signal’s peak-to-average power ratio

and can indicate the presence of transient peaks or spikes.

• Entropy: Entropy measures the randomness or unpredictability of the signal.

Higher entropy values indicate greater randomness, while lower entropy values
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indicate more predictability or regularity in the signal.

• Shape factor:RMS divided by the mean of the absolute value. Shape factor is

dependent on the signal shape while being independent of the signal dimensions.
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4.4.2 Frequency Domain Features:

Frequency domain features are characteristics of a signal or system that can be

extracted from its frequency-domain representation. They are often used in signal

processing, machine learning, and other fields to analyze and classify signals based on

their frequency content.In engineering and statistics, frequency domain is a term used

to describe the analysis of mathematical functions or signals with respect to frequency,

rather than time. The frequency domain representation of a signal allows you to observe

several characteristics of the signal that are either not easy to see, or not visible at

all when you look at the signal in the time domain.In the frequency domain, the total

average power is the sum of the power of all the frequency components of the signal.The

power spectrum is a frequency-domain plot of power per unit Hz vs. frequency. It

indicates the relative magnitudes of the frequency components that combine to make up

the signal.Three frequency domain feature selected:

• Peak Amplitude: In the frequency domain, peak amplitude is a measure of how

much a wave or vibration deviates from its central value. Amplitude is plotted on

the y-axis, and frequency is plotted on the x-axis.n a sinusoidal waveform, peak

amplitude is the maximum positive or negative deviation from the waveform’s zero

reference level. In the frequency domain, a signal is described by a complex
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function of frequency. The modulus of the number is the amplitude of that

component, and the argument is the relative phase of the wave.he frequency of a

sinusoid determines the ”pitch” of the tone, while the amplitude determines the

”loudness”.Peak amplitude = 1.414 x rms amplitude. How does this work? If we

took 4 equally-spaced samples of a sine wave with an amplitude of 1, we would get

0, 1, 0, -1. Squaring each we get 0,1,0,1.

• PeakFrequency: Peak frequency is the frequency of waves represented by a peak

in the wave spectrum. It can also refer to the frequency of the peak of greatest

amplitude within a call.The frequency (period/wavelength) of waves represented by

a peak (maximum energy) in the wave spectrum; sometimes known as the dominant

frequency.The formula for peak frequency is fmax = k × T, where k is a numerical

constant equal to 5.8789232 × 10¹ Hz/K.

• Band Power: Band power is a single number that summarizes the contribution of

a given frequency band to the overall power of a signal. It’s calculated by using a

modified periodogram to determine the average power in a frequency range.The

band power of a signal with length is computed as the area beneath the graph of

the power spectral density of versus the frequencies.In MATLAB, bandpower is

calculated using the formula: p = bandpower( pxx , f , freqrange ,”psd”)

Now “Rank Features,” the app uses one-way ANOVA to calculate ranking scores for

all the features. The results of the ANOVA test are displayed on the Screen whereas

the bars also shows the normalized scores for different features. For training a machine

learning model, we will choose features that have a high ANOVA score and leave out

the ones with a much smaller score as these won’t contribute to training a model. When

we are extracting features to train a model,Everyone find his self trying out different

sets of features to see which set works best for classifying fault types.Now we’re ready

to export the extracted features to the Classification Learner to train a machine learning

model.
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Figure 17: Feature one-way Anova

Figure 18: Other Data Feature one-way Anova

4.5 Algorithm Selection and Modelling

Machine learning (ML) is a discipline of artificial intelligence (AI) that provides

machines with the ability to automatically learn from data and past experiences while

identifying patterns to make predictions with minimal human intervention. Machine

learning derives insightful information from large volumes of data by leveraging

algorithms to identify patterns and learn in an iterative process. ML algorithms use

computation methods to learn directly from data instead of relying on any predetermined

equation that may serve as a model.
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4.5.1 How does machine learning work?

Machine learning algorithms are molded on a training dataset to create a model. As new

input data is introduced to the trained ML algorithm, it uses the developed model to

make a prediction.

Figure 19: Machine Learning
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4.5.2 Types of Machine Learning

Machine learning algorithms can be trained in many ways, with each method having

its pros and cons. Based on these methods and ways of learning, machine learning is

broadly categorized into four main types: During past two decades machine learning

Figure 20: Types of Machine Learning

methods for fault diagnosis of induction motors are the artificial neural network (ANN)

or hybrid ANN combined with other techniques [25] One of the most popular hybrid

ANN methods is combining ANN with Fuzzy logic, which can provide accurate fault

detection with heuristic interpretation [26]Several other machine learning approaches

are employed last few years.The immunological principles are applied for induction

motor fault detection in [27]. A pattern recognition approach associated with Kalman

interpolator/extrapolator is proposed in [28]. An integrated class-imbalanced learning

scheme for diagnosing bearing defects is reported in [29]. A sparse deep learning

method proposed in [30] can overcome overfitting risk of deep networks.Among machine

learning based fault diagnosis methods,stator current is the most widely used signal,

either alone or combined with other signals.
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4.5.3 Selected Machine Learning Algorithms

Use the machine learning algorithms suitable for fault diagnosis in induction motors.

Selection of algorithms for fault diagnosis in induction motors have several factors

including the complexity of the problem, the availability and quality of data, computational

resources, and the desired performance metrics. There are different Algorithms which

include decision trees, random forests, support vector machines, or neural networks. We

use and interchange some build in Machine Algorithms available on matlab. a practical

machine learning based approach for induction motor fault diagnosis is proposed using

experimental data in this project.The Classification Learner app trains models to classify

data. Using this app, you can explore supervised machine learning using various

classifiers. You can explore your data, select features, specify validation schemes, train

models, and assess results. You can perform automated training to search for the best

classification model type, including decision trees, discriminant analysis, support vector

machines, logistic regression, nearest neighbors, naive Bayes, kernel approximation,

ensemble, and neural network classification.A selection of model types appears in the

Models pane. When the models finish training, the best percentage Accuracy (Validation)

score is outlined in a box.Four Classification Learner Model Selected .

• Fine Gaussian SVM

• Fine KNN

• Ensemble(Bagged Tree)

• Medium Neural Network

4.5.4 Fine Gaussian SVM

Support Vector Machine (SVM) and Gaussian SVM (additionally called Gaussian kernel

SVM) are each variations of the SVM algorithm, with the important thing difference

lying within the preference of kernel feature used to model the selection boundary

between training.
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• SVM In a standard SVM with a linear kernel, the decision boundary is a hyperplane

that separates the feature space into two classes.The linear kernel computes the dot

product between input feature vectors, resulting in a linear decision boundary.Linear

SVM is effective when the data is linearly separable, meaning the classes can

be separated by a straight line or hyperplane in the input space.Linear SVM is

computationally efficient and easy to interpret, but it may not perform well on data

with complex nonlinear relationships.SVM is a commonly used machine learning

method for data classification and regression based on statistical learnings and

structural risk minimization [32]

• Fine Gaussian SVM Gaussian SVM (or Radial Basis Function, RBF, SVM) is

a variant of SVM that uses a Gaussian (or radial basis function) kernel to model

the decision boundary.The Gaussian kernel computes the similarity between input

feature vectors based on their Euclidean distance in the feature space. It assigns

higher weights to nearby points and lower weights to distant points.Gaussian SVM

is capable of capturing complex nonlinear relationships between features and class

labels, making it suitable for data that is not linearly separable.However, Gaussian

SVM may be more computationally expensive and prone to overfitting, especially

with a large number of training samples or when the kernel bandwidth parameter is

not properly tuned.A kernel function converts a nonlinearly separable object into

linearly separable by mapping them in a higher dimensional feature space [33].

The common types of kernel functions include linear kernel, polynomial kernel,

Gaussian radial basis function (RBF) kernel [34][37].

Specification of the Selected Model is :-

Model Fine Gaussian SVM
KernelParameters 0.7900

Binary Loss hinge loss= max(0,1-Y*f(x))
LearnerRate 0.41 0.40 0.37 0.39 0.42 0.39 0.41 0.38 0.40 0.38

Score Transform None
Bias 0.489

Table 2: Specification of Fine Gaussian SVM
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4.5.5 Fine KNN

Fine KNN” likely refers to a variant or modification of the k-nearest neighbors (KNN)

algorithm that involves fine-tuning certain parameters or hyperparameters to optimize

its performance. The term ”fine” in this context typically suggests a process of fine-

tuning or optimizing the algorithm for better results.Unlike standard KNN where k can

be larger, Fine KNN uses k = 1, meaning it relies on the single nearest neighbor for

classification.Choosing centroid value is an iterative process. To generate an initial set

of random clusters, the emanated classifier is used.Then it continue to adjust the centroid

value until it becomes stable. The stable centroids are used to classify input data by

transforming an anonymous dataset into a known one. [35]

Model Fine KNN
NumNeighbors 1

Distance ’euclidean’
DistanceWeight Equal

BreakTies Smallest
Bucket Size 50

Type Classification
Table 3: Specification of Fine KNN

4.5.6 Ensemble(Bagged Tree)

Ensemble learning is a machine learning technique where multiple models are combined

to improve the overall performance of the system. Bagged Trees, short for Bootstrap

Aggregating Trees or Bootstrap aggregating of decision trees, is a specific type of

ensemble method that involves training multiple decision trees on different subsets of

the training data and aggregating their predictions.Bagging (Bootstrap Aggregation) is a

specific type of ensemble method that uses decision trees as base learners.Bagged Trees

represent a valuable ensemble method for bearing fault diagnosis in induction motors.

Their ability to improve accuracy, reduce variance, and handle complex data makes them

a strong contender in your research toolbox.This flexibility may lead to over fitting,which

RESTRICTED 47



RESTRICTED

is overcome in Bagged Trees where each classifier is trained in different partitions and

combined through a majority voting. A weaker correlation of error of single classifiers

leads to a better prediction accuracy. Therefore, diverse single classifiers are preferred

for ensemble [36]

Model Ensemble
TrainedWeight 1

Combined Weight 30
NumNodes 15

Training each tree Independently
Each subset bootstrap sample

Table 4: Specification of Ensemble

4.6 Training and Testing the Models

Train the selected machine learning models using the training data. During training,

the models learn the patterns and relationships in the data that distinguish between

normal and faulty operating conditions.we have five parameters available for training

the model.now I will explain each model training and testing one by one .

4.6.1 SVM Model Training and Testing

Train the SVM model on the dataset and Specify the SVM kernel (e.g., linear, polynomial,

Gaussian) and any hyperparameters that need to be tuned (e.g., regularization parameter

C, kernel parameters).Evaluate the trained SVM model using the testing dataset. Make

predictions on the testing data and compare the predicted labels with the ground truth to

compute evaluation metrics such as accuracy and confusion matrix.
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Figure 21: SVM Vibrational Confusion matrix Figure 22: SVM Current Confusion matrix

Figure 23: SVM Acoustic Confusion matrix Figure 24: SVM Acoustic Confusion matrix
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4.6.2 KNN Model Training and Testing

Train the KNN model using the training dataset. Specify the number of neighbors

(k) and any other hyperparameters that need to be tuned.Evaluate the trained KNN

model using the testing dataset. Make predictions on the testing data and compare the

predicted labels with the ground truth to compute evaluation metrics such as accuracy,

precision,and confusion matrix.

Figure 25: KNN Vibrational Confusion matrix Figure 26: KNN Current Confusion matrix

Figure 27: KNN Acoustic Confusion matrix Figure 28: KNN Acoustic Confusion matrix
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4.6.3 Ensemble Model Training and Testing

Train the ensemble model using the training dataset. For bagging, train multiple base

learners on different subsets of the training data and aggregate their predictions. For

boosting, train base learners sequentially, with each subsequent learner focusing on the

errors made by the previous ones. For stacking, train multiple base learners and combine

their predictions using a meta-learner.valuate the trained ensemble model using the

testing dataset. Make predictions on the testing data and compare the predicted labels.

Figure 29: Ensemble Vibrational Confusion matrix Figure 30: Ensemble Current Confusion matrix

Figure 31: Ensemble Acoustic Confusion matrix Figure 32: Ensemble Acoustic Confusion matrix
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4.6.4 Neural Network Model Training and Testing

Train the neural network model using the training dataset. This involves feeding the

training data through the network, computing the loss function (e.g., cross-entropy

loss for classification tasks), and updating the model parameters using optimization

algorithms.Make predictions on the testing data and compare the predicted labels

with the ground truth to compute evaluation metrics such as accuracy.Then tested the

performance of your trained neural network model on the unseen test set.

Figure 33: Neural Network Vibrational Confusion matrix Figure 34: Neural Network Current Confusion matrix

Figure 35: Neural Network Acoustic Confusion matrix Figure 36: Neural Network Acoustic Confusion matrix
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4.6.5 ROC and AUC of the model

Receiver Operating Characteristic (ROC) curve and Area Under the Curve (AUC) are

important metrics used to evaluate the performance of classification models, including

those used for fault diagnosis of induction motors using machine learning techniques.

The ROC curve is a graphical plot that illustrates the diagnostic ability of a binary

classifier system as its discrimination threshold is varied. It is created by plotting the

true positive rate (sensitivity) against the false positive rate (1-specificity) at various

threshold settings. A higher true positive rate and a lower false positive rate indicate

better performance of the classifier.

The AUC represents the area under the ROC curve and provides a single scalar value

that summarizes the performance of the classifier across all possible threshold settings.

The AUC value ranges from 0 to 1, where a model with an AUC of 1 indicates perfect

discrimination (i.e., the model achieves a true positive rate of 1 and a false positive rate

of 0 across all threshold settings), while a model with an AUC of 0.5 suggests random

classification (no better than chance).The ROC curve is a graphical representation of the

confusion matrix. It summarizes the overall performance of a classifier over all possible

thresholds, and the area under the curve (AUC) gives an insight about how confidently

the classification is done.
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Figure 37: ROC and AUC of the data
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Chapter 5

5 Experimental Setup

Figure 38: Flow chart for purposed methodology

In order to diagnose the fault of induction motor with high accuracy and result.Experimental

test bench was set up as shown in Figure.It consists of

• Induction Motor

• Arduino Uno

• Acoustic Sensor

• Current Sensor
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• Vibrational Sensor

• Voltage Regulator

• Tachometer

• Loads

• Power Supply

Figure 39: Experimental Test Bench

Figure 40: Experimental Test Bench Top view
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5.1 Induction Motor

At Start a Induction motor was bought as a beginner to this project.The cost of this

induction motor is PKR 9500/-.Two Squirrel-cage induction motors purchased for

experiments.One for Healthy Data Acquisition and Second for Faulty Data Acquisition

on different load and rpm conditions. It is the single phase Induction motor with

Specification were as follow:

Parameters Data
Voltage 208-230 V

Frequency 50 Hz
Power 0.37 W

HP 0.5
Pole 4
RPM 1450

Table 5: Specification of Induction Motor
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Figure 41: Induction Motor for Experiment

5.2 Arduino Uno

The Arduino Uno software and hardware is a popular microcontroller board based on

the ATmega328P microcontroller. It’s part of the Arduino family of development boards,

which are designed for building and prototyping electronic projects. The Arduino Uno

is particularly well-suited for beginners due to its simplicity and ease of use. The

Arduino Uno can be used for fault diagnosis in induction motors by monitoring various

parameters and analyzing the data.The Arduino Uno has the following features:

• 14 digital input/output pins, including six that can be used as PWM outputs

• Six analog inputs

• A 16 MHz ceramic resonator

• A USB connection

• A reset button
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• An ICSP header

The Arduino Uno can be used in a variety of electronic projects, including interfacing

with other Arduino boards, Arduino shields, and Raspberry Pi boards. It can also control

relays, LEDs, servos, and motors as an output. Here’s how you can utilize the Arduino

Uno in this project:

5.2.1 Sensor Integration:

Connect sensors to the Arduino Uno to measure relevant parameters of the induction

motor. For fault diagnosis, you may consider using sensors such as current sensors,

voltage sensors, temperature sensors, vibration sensors, or Hall Effect sensors. These

sensors will help you gather data about the motor’s performance.

5.2.2 Data Acquisition:

Use the analog or digital input pins of the Arduino Uno to read the sensor data. You can

interface the sensors directly with the Arduino Uno or use additional circuitry, depending

on the sensor requirements.

5.2.3 Data Processing and Analysis:

All the sensor data acquired and then get the rms values of all the induction motor

sensors.Develop a program using the Arduino IDE to process and analyze the sensor data.

You can implement algorithms or techniques to detect faults or anomalies in the motor’s

behavior. For example, you could monitor the current waveform for irregularities,

analyze temperature trends, or detect excessive vibrations.
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Figure 42: Arduino Uno

5.3 Acoustic Sensors

The KY-037 can detect loud sounds, such as slamming doors. It has analog and digital

outputs, so the sensor can be ready by any microcontroller.Acoustic sensors are used

to detect and measure sound waves or acoustic signals in the environment. They have

many applications, including environmental monitoring, industrial condition monitoring,

security and surveillance, healthcare, automotive and robotics.

Figure 43: KY-037

Here are some specifications for the KY-037 High Sensitive Sound Microphone

Sensor:
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Parameters Specification
Main chip LM393

Microphone type Electret condenser microphone
Working voltage DC 4-6V

Output Single channel signal
Induction distance Maximum of 0.5m

Electret condenser microphone CMA-6542PF
resistors 6

potentiometer 3296W
Microphone sensitivity -42 ±3 db

Table 6: Specification of Acoustic Sensor

5.4 Current Sensors

Current sensors such as Hall Effect current sensors can be used to measure the current

flowing through the motor windings. They provide data on the motor’s electrical

performance and can help detect issues like overloading, phase imbalances, or abnormal

current patterns.The current sensor used in the project for current flowing through the

motor is The ACS712 is a linear current sensor that uses its conductor to calculate and

measure the amount of current applied. It has a low-noise analog signal path, an 80 kHz

bandwidth, and a 5 µs output rise time in response to step input current.

Figure 44: AC-712

Here are some specifications for the ACS712 current sensor module:
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Parameters Specification

SDimensions 31 x 13 x 14 mm (LxWxH)

Weight 3 gm

Working voltage DC 4-6V

Output sensitivity 66 to 185 mV/A

Measure current range -20A 20A

Sensitivity 100mV/A

Internal conductor resistance 1.2 m

Minimum isolation voltage 2.1 kV RMS from pins 1-4 to pins 5-8

Operation 5.0 V, single-supply

Measurement range -30 to +30 A

Scale factor 66 mV per A

Table 7: Specification of Current Sensor

5.5 Vibration Sensors

Vibration sensors, such as accelerometer or vibration modules, are used to detect

abnormal vibrations in the motor. Unusual levels of vibration can be an indication

of misalignment, rotor imbalance, bearing wear, or mechanical faults. By monitoring

vibrations, we can identify faults and schedule maintenance or repairs.we use adxl-335

sensor for the vibrational data acquition.

Figure 45: adxl-335
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Here are some specifications for the ADXL-335 accelerometer module:

Parameters Specification

Supply voltage 2.8–3.6 V

Current consumption 320 uA

Sensitivity 300 mV/g

Bandwidth 03 Hz to 05 kHz

Dynamic range ±3 g

Operating temperature -40°C to +85°C

Package type Surface mount plastic package (LFCSP)

Pin configuration 5 pin, 1.27 mm pitch

Table 8: Sensor Specifications

5.6 Tachometer

A tachometer is a device that measures the rotation speed of a shaft or disk, such as in

a motor or other machine. It’s designed to measure the revolutions per minute (RPM)

of a moving object.Tachometers are typically used in motors and other machines, and

are widely found in the automotive and aviation industries. They can be available as

a handheld or fixed-mount models, depending on if they’re to be used as permanent

monitoring or spot-checking tools.
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Figure 46: Tachometer

5.7 Different Loads

A bulb is an ohmic load, and adding lamps can add extra heat to the filament of the

lamp.An induction motor’s power factor changes with load. At full load, the power

factor is usually around 0.85 or 0.90, while at no-load it can be as low as about 0.20.An

induction motor use incandescent light bulbs as test loads in this project.
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Figure 47: Workbench with 100W Figure 48: Workbench with 200W

Figure 49: workbench with 300W

5.8 Software

Matlab used for Data Acquisition, for Decision and comparison of the healthy and faulty

Induction Motor data and Design the GUI for Monitoring of the Induction Motor.In

Matlab use Diagnostic feature Designer for feature Extraction and Classification Learner

for Algorithm modelling.MATLAB is a high-level programming language and environment

widely used in various fields, including engineering, science, and mathematics. With

MATLAB, users can perform tasks such as data manipulation, algorithm development,

simulation, modeling, and the implementation of complex mathematical operations.

MATLAB is commonly used in the health monitoring of induction motors due to its

powerful computational capabilities and extensive toolboxes for signal processing and

data analysis.
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Figure 50: Matlab

5.9 Different Faults Induced

For collection of data,our main focus is on the bearing faults including inner race

fault,outer race fault and compound fault .Collect the faults and healthy the dataset

using vibrational sensor,Acoustic and Current.Different Faults is induced in the bearing

before start the motor.We have two Motor 1)Used for Healthy dataset 2) Used for Faulty

dataset.The main focus of data collection is the bearing faults of the motor.Using Healthy

and Faulty bearing(Outer Race ,Inner Race ,Ball Fault and Compound Fault) in the

project.Fault induced in the bearing through drill and rough the surfaces according to

the faults.Specification of the bearing is :-

Figure 51: Bearing Specification
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Figure 52: Healthy Bearing Figure 53: Compound Fault

Figure 54: Inner Race Fault Figure 55: Outer Race Fault
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Figure 56: Ball Fault
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Chapter 6

6 Vibrational Setup

6.1 Studies Relevant to Bearing Faults

Numerous studies have focused on the application of machine learning techniques

specifically for the diagnosis of bearing faults in induction motors. These studies

utilize various types of data, including vibration signals, current signatures, and acoustic

emissions, to detect and classify different types of bearing faults such as inner race,

outer race, and Ball faults.

• For instance, Zhang et al. (2019) developed a fault diagnosis method based on

deep learning for detecting bearing faults in induction motors using vibration

signals. Their convolutional neural network (CNN) model achieved high accuracy in

distinguishing between healthy and faulty bearings, demonstrating the effectiveness

of deep learning approaches in bearing fault diagnosis.

• Li et al. (2020) proposed a fault diagnosis framework that combined vibration signal

analysis with machine learning algorithms, including support vector machines

(SVM) and decision trees, to classify bearing faults in induction motors. Their study

highlighted the importance of feature selection and fusion techniques in improving

fault classification accuracy.

• In another study, Wang et al. (2018) investigated the use of acoustic emission signals

for bearing fault diagnosis in induction motors. They developed a novel feature

extraction method based on wavelet packet decomposition and applied machine

learning algorithms such as k-nearest neighbors (KNN) and random forests for fault

classification.

6.2 Analysis of Vibrational Signal Trace

Signal features provide general signal-based statistical metrics that can be applied to any

kind of signal, including a time-synchronized average (TSA) vibration signal. Changes
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in these features can indicate changes in the health status of a system. Diagnostic Feature

Designer provides a set of feature options .The statistical features include basic mean,

standard deviation, and root mean square (RMS) metrics. In addition, the feature set

includes shape factor and the higher order kurtosis and skewness statistics. All these

statistics can be expected to change as a deteriorating fault signature intrudes upon the

nominal signal. In this project ,after import the dataset and see the Signal trace of all

three axis:

Figure 57: Signal of X

Power Spectrum view of the data with healthy and faulty indication.
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Figure 58: Signal of Y

Figure 59: Signal of Z
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Figure 60: Power Spectrum of X

Figure 61: Power Spectrum of Y
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Figure 62: Power Spectrum of Z

6.3 Analysis of data Features

The Diagnostic Feature Designer tool of MATLAB offers a user-friendly interface

for extracting both time domain and frequency domain features from signals, which

are essential for various diagnostic applications such as condition monitoring, fault

detection, and predictive maintenance. Time domain features, derived directly from the

signal’s amplitude values over time, provide valuable insights into the signal’s behavior

and characteristics. For instance, the mean (average) represents the central tendency

of the signal, while the standard deviation quantifies its spread or variability. The

root mean square (RMS) value reflects the effective amplitude and quantifies signal

power. Skewness and kurtosis measure the asymmetry and peakedness of the signal’s

distribution, respectively, providing information about its shape and characteristics.

Additionally, features such as peak amplitude, crest factor, entropy, and shape factor

offer insights into signal properties such as maximum excursion, peak-to-average power

ratio, randomness, and signal shape, respectively. Each of these features contributes
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to a comprehensive understanding of the signal’s behavior, aiding in the diagnosis and

analysis of various system conditions and faults.Get the Time domain features and also

frequency domain feature extracted from the matlab tool.

Figure 63: Time domain Features

Figure 64: Frequency Domain Features
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All the computed features are now listed, Fault diagnosis of bearings is usually based

on vibration signals, and a set of features are extracted in order to classify the faults.

we also have the histograms. On these plots, different fault types are highlighted with

different colors. Ideally, we want to have a plot that looks separately. All different

colored distributions are apart from each other. If our histogram plots looks separately

then, we could easily discriminate between different types of faults. But instead they

look similar to each other, where there’s a lot of overlapping between different fault

types. Due to overlapping and a large number of features, it is really hard for us to tell

the most useful features just by looking at plots. However, this app lets us rank these

features to determine the ones that will help us effectively separate different types of

faults. Histograms of the selected dataset:-

Figure 65: Histograms of Vibrational
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Figure 66: Histograms of Vibrational
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6.4 Results

In this project for fault diagnosis in induction motors using machine learning, MATLAB’s

Classification Learner app is employed to explore and compare the performance of

four selected models: Fine Gaussian SVM, Fine KNN, Ensemble (Bagged Tree),

and Medium Neural Network. These models represent a range of machine learning

algorithms suitable for classification tasks, including support vector machines, k-nearest

neighbors, ensemble methods, and neural networks. By using the app’s capabilities,

such as automated training, feature selection, and validation schemes, the project aims to

identify the most effective model for accurately classifying fault conditions in induction

motors. Through careful evaluation of performance metrics and model interpretability,

the project seeks to provide a practical and reliable solution for diagnosing faults in

real-world industrial settings, considering factors such as data complexity, computational

resources, and desired performance criteria.In this project utilizes vibrational sensor data

collected specifically from bearings to enhance diagnostic accuracy.Confusion matrix of

vibrational Train data:

Figure 67: SVM Vibrational Confusion matrix Figure 68: KNN Vibrational Confusion matrix
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Figure 69: Ensemble Vibrational Confusion matrix Figure 70: Neural Vibrational Confusion matrix

The area under the ROC curve (AUC) serves as a valuable metric for evaluating

the performance of a classifier in distinguishing between different classes of motion

or vibration patterns. The ROC curve provides a graphical representation of the

classifier’s performance across various threshold settings, where the true positive

rate (sensitivity) is plotted against the false positive rate (1-specificity). A perfect

classifier would have an ROC curve that hugs the upper left corner of the plot, indicating

a true positive rate of 1 and a false positive rate of 0 across all threshold settings,

resulting in an AUC value of 1. This scenario would suggest that the classifier achieves

optimal discrimination between different motion or vibration patterns captured by the

accelerometer sensor data. Conversely, a classifier with an AUC value close to 0.5

suggests random classification, indicating no better performance than chance. By

analyzing the AUC value in conjunction with the ROC curve, practitioners can gain

insights into the confidence and reliability of the classifier’s classification decisions

based on accelerometer sensor data, thereby facilitating informed decision-making in

various applications such as activity recognition, structural health monitoring, or fault

diagnosis.
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Figure 71: ROC Curve of X

Figure 72: ROC Curve of Y
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Figure 73: ROC Curve of Z
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Chapter 7

7 Acoustic Emission Setup

7.1 Studies Relevant to Bearing Faults

Acoustic Emission technique related to bearing faults in induction motors are instrumental

in understanding the characteristic acoustic signals emitted by bearings undergoing

various fault conditions. These studies involve monitoring the high-frequency sound

waves generated by the friction, impact, and structural changes within the bearing

components. By analyzing AE signals, researchers can identify distinctive patterns

associated with specific types of faults, such as inner race, outer race, or Ball fault.

• ”Acoustic Emission-Based Bearing Fault Diagnosis: A Review” ,In This paper

provides a comprehensive review of acoustic emission-based techniques for bearing

fault diagnosis, including methodologies, signal processing techniques, and case

studies. It discusses the application of acoustic emission analysis in detecting

various types of bearing faults, including defects in the inner race, outer race, and

rolling elements, with a focus on its application in induction motors.

• ”Acoustic emission analysis for bearing fault diagnosis of electrical machines: A

review”,This review paper explores the use of acoustic emission analysis for bearing

fault diagnosis in electrical machines, including induction motors. It discusses the

principles of acoustic emission, signal processing techniques, and the application of

AE analysis for detecting different types of bearing faults. The paper also highlights

the advantages and limitations of AE-based techniques in fault diagnosis.

7.2 Analysis of Acoustic Signal Trace

Acoustic data, capturing sound wave emissions from the system, offers complementary

insights alongside vibration signals. By integrating acoustic emission techniques, which

analyze high-frequency sound waves generated by system components, such as bearings,

additional fault signatures can be detected.
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Figure 74: Sound Signal

Power Spectrum of the Acoustic data and sampling frequency is 1000Hz.

Figure 75: Power Spectrum of Sound signal
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7.3 Analysis of data Features

Diagnostic Feature Designer provides a diverse set of feature options, including basic

statistical metrics like mean, standard deviation, and root mean square (RMS), as well

as shape factor, kurtosis, and skewness statistics.Extract the Features and then model on

algorithm.

Figure 76: Time domain Acoustic Features
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Figure 77: Frequency Domain Acoustic Features
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Frequency domain fft result of Acoustic data of healthy and faulty conditions:

• Outer Race Fault signal of fft is :

Figure 78: FFT of Outer Race condition of Current

• Inner Race Fault signal of fft is :

Figure 79: Inner Race Fault signal of Current

• Ball Fault signal of fft is :
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Figure 80: Ball Fault signal of fft
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Histograms of Acoustic features:-

Figure 81: Histograms of Sound

Figure 82: Histograms of Sound

7.4 Results

By integrating Acoustic Emission data alongside vibrational data, the machine learning

models developed within MATLAB’s Classification Learner app gain a more comprehensive

understanding of the motor’s health status.selected models: Fine Gaussian SVM, Fine

KNN, Ensemble (Bagged Tree), and Medium Neural Network. These models represent a

range of machine learning algorithms suitable for classification tasks, including support

vector machines, k-nearest neighbors, ensemble methods, and neural networks.
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Figure 83: SVM Acoustic Confusion matrix Figure 84: KNN Acoustic Confusion matrix

Figure 85: Ensemble Acoustic Confusion matrix Figure 86: Neural Acoustic Confusion matrix
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Chapter 8

8 Motor Current Signature Analysis Setup

8.1 Studies Relevant to Bearing Faults

Numerous studies have investigated bearing faults in various contexts, including those

related to induction motors. Here are some relevant studies along with their references:

• ”Bearing Fault Diagnosis Using Time-Frequency Analysis Techniques: A Comprehensive

Review” A comprehensive overview of time-frequency analysis techniques for

bearing fault diagnosis, covering methodologies, signal processing algorithms,

and case studies.Hilbert-Huang transform, and empirical mode decomposition in

detecting and diagnosing bearing faults in induction motors.

• ”Fault diagnosis of induction motor bearings using vibration analysis based on

ensemble empirical mode decomposition and random forests” Fault diagnosis

approach for induction motor bearings using vibration analysis based on ensemble

empirical mode decomposition and random forests. It investigates the effectiveness

of the proposed method in identifying different types of bearing faults, including

inner race, outer race

• ”Bearing Fault Diagnosis of Induction Motors Using Motor Current Signature

Analysis and Convolutional Neural Networks” Fault diagnosis approach for induction

motor bearings utilizing MCSA combined with convolutional neural networks

(CNNs).Use of CNNs for automated fault classification, achieving high accuracy in

fault detection.

8.2 Analysis of MCSA Signal Trace

Once the data is loaded, you can visualize the MCSA signal trace by selecting it from

the list of available signals in the app.Navigate through the signal trace to explore its

characteristics.
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Figure 87: Current Signal

Figure 88: Power spectrum of current

8.3 Analysis of Data features

Use the feature extraction tools provided in the Diagnostic Feature Designer app to

extract relevant features from the MCSA signal trace. These features may include time-

domain features such as mean, standard deviation, root mean square (RMS), skewness,

and kurtosis, as well as frequency-domain features obtained through Fourier analysis or

wavelet transform.

Frequency domain fft result:-
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• Outer Race Fault signal of fft is :

Figure 89: FFT of Outer Race condition of Current
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• Inner Race Fault signal of fft is :

Figure 90: Inner Race Fault condition of Current

Figure 91: Histograms of Current
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Figure 92: Histograms of Current

8.4 Results

By MCSA data the machine learning models developed within MATLAB’s Classification

Learner app gain a comprehensive fault indicator of the motor’s health status.selected

models: Fine Gaussian SVM, Fine KNN, Ensemble (Bagged Tree), and Medium Neural

Network. These models represent a range of machine learning algorithms suitable for

classification tasks, including support vector machines, k-nearest neighbors, ensemble

methods, and neural networks.

Figure 93: SVM MCSA Confusion matrix Figure 94: KNN MCSA Confusion matrix

RESTRICTED 93



RESTRICTED

Figure 95: Ensemble MCSA Confusion matrix Figure 96: Neural MCSA Confusion matrix
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Chapter 9

9 Comparative Analysis

Comparing the bearing data acquisition methods through accelerometer, acoustic, and

current data (MCSA technique) involves to indicate or predict the faults in induction

motors. Each method has its Pros and cons, which influence their performance for

machine learning model-based fault identification.

9.1 vibrational Technique

Pros:Accelerometer data provides information about vibration patterns, which can

indicate mechanical faults such as bearing faults.Cons:Accelerometer data may be

sensitive to external vibrations and environmental noise, which can affect signal accuracy.

Additionally, certain fault types may not manifest significant vibration signatures.

9.2 Acoustic Technique

Pros:Acoustic data captures sound emissions generated by bearing faults, offering

complementary information to vibration-based methods. It can detect faults such as

surface defects or lubrication issues.Cons: Acoustic data may be influenced by ambient

noise in the environment, impacting signal clarity. Additionally, it may be less sensitive

to certain fault types compared to vibration or current data.

9.3 Current Technique

Pros:MCSA provides direct insights into the electrical current flowing through the

motor, detecting faults such as rotor bar defects, stator winding faults, and bearing

defects. It offers high sensitivity and specificity to motor-related faults.Cons:MCSA

requires specialized equipment and may not detect certain mechanical faults that do not

significantly affect electrical current.
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MCSA data is frequently seen to be more accurate in identifying defects in induction

motors when it comes to machine learning model-based fault identification. This is due

to the reason that MCSA measures the motor’s electrical properties directly, which are

directly linked with both its fault status and operational state. For operations involving

fault diagnosis, MCSA is a dependable option due to its high sensitivity and specificity

to motor-related faults.

9.4 Accuracy

Accuracy
Technique SVM(fine gaussian) Ensemble Fine KNN Neural Network

X 83% 88.3% 92% 79.3%
Y 89.1% 91.2% 94.3% 93.6%
Z 94.2% 99.3% 89.6% 96.7%

Acoustic 91.8% 97.4% 97.8% 94.5%
Current 99.3% 99.6% 98.6% 98.7%
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Chapter 10

10 Development of Graphical User Interface(GUI) for
Condition Monitoring

At the end, design the GUI (Graphical User Interface) for to show the output result of

fault diagnosis of Induction Motor. GUI allow users to customize the display and adjust

parameters, while alerts and notifications provide timely information on critical faults of

the Motor.

Figure 97: Graphical User Interface(GUI)
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Figure 98: Graphical User Interface(GUI) with Result
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Chapter 9

11 Conclusion and Future Work

11.1 Conclusion

In conclusion, the study proposes a practical machine learning-based fault diagnosis

method for induction motors using experimental data, focusing on condition monitoring

through Motor Current Signature Analysis (MCSA), vibrational, and acoustic emission

analysis of bearing faults. By utilizing two identical single-phase induction motors—one

for healthy data acquisition and the other for faulty data acquisition—the project

effectively captures baseline and faulty data under various operating conditions. Through

the analysis of time and frequency domain features extracted from MATLAB, the study

evaluates the performance of three classification algorithms—Support Vector Machine

(SVM), K-Nearest Neighbors (KNN), and Ensemble—using MATLAB Classification

Learner toolbox. The results demonstrate the suitability of machine learning techniques

in accurately predicting motor conditions (healthy or faulty) By using advanced fault

diagnosis methodologies, this approach contributes to proactive maintenance strategies,

minimizing downtime, and optimizing motor performance in critical applications.

11.2 Future Work

To further enhance the effectiveness of fault diagnosis of induction motors using bearing,

acoustic, and current signature data, the following recommendation for the future:

• Proposed techniques may be applied for fault diagnosis of large size motors.

• It is the diagnostic approach toward fault prediction ,in future work on Prognostic

Technique.

• Many other Faults can be investigate like Stator winding,broken rotor bar , electric

faults etc

• Integration of advanced signal processing techniques, such as deep learning models
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• Multi-Sensor data fusion technique Approach

• Applied RSM (Response Surface Methology)
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Appendices
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A Program Code

A.1 Code for Scenario 01 :Data Acquisition Using Arduino uno to store data
from sensors

1

2 const int xPin = A0; // Connect the X-axis output to Arduino A0

3 const int yPin = A1; // Connect the Y-axis output to Arduino A1

4 const int zPin = A2; // Connect the Z-axis output to Arduino A2

5 const int soundSensorPin = A3; // Connect the sound sensor's analog output to A3

6 const int currentSensorPin = A4; // Connect the ACS712 current sensor's analog output to

A4↪→

7

8 const int sampleCount = 100; // Number of samples for RMS calculation

9

10 int xValues[sampleCount];

11 int yValues[sampleCount];

12 int zValues[sampleCount];

13 int soundValues[sampleCount];

14 int currentValues[sampleCount];

15

16 int currentIndex = 0;

17

18 void setup() {

19 Serial.begin(9600);

20 pinMode(soundSensorPin, INPUT); // Set the sound sensor pin as an input

21 }

22

23 bool printedHeadings = false;

24

25 void loop() {

26 int xValue = analogRead(xPin);

27 int yValue = analogRead(yPin);

28 int zValue = analogRead(zPin);

29 int soundValue = analogRead(soundSensorPin);

30 int currentRawValue = analogRead(currentSensorPin);

31

32 // Store the readings in arrays

33 xValues[currentIndex] = xValue;
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34 yValues[currentIndex] = yValue;

35 zValues[currentIndex] = zValue;

36 soundValues[currentIndex] = soundValue;

37 currentValues[currentIndex] = currentRawValue;

38

39 // Move to the next index (circular buffer)

40 currentIndex = (currentIndex + 1) % sampleCount;

41

42 if (!printedHeadings) {

43 // Print the headings only once

44 Serial.println("\tX\t\tY\t\tZ\t\tSound\t\tCurrent (A)");

45 printedHeadings = true;

46 }

47

48 if (currentIndex == 0) {

49 // Calculate RMS values for each axis

50 float rmsX = calculateRMS(xValues, sampleCount);

51 float rmsY = calculateRMS(yValues, sampleCount);

52 float rmsZ = calculateRMS(zValues, sampleCount);

53

54 // Calculate RMS value for the sound sensor

55 float rmsSound = calculateRMS(soundValues, sampleCount);

56

57 // Calculate RMS value for the current sensor

58 float rmsCurrent = calculateRMS(currentValues, sampleCount);

59

60 // Print the RMS values below their respective headings

61 Serial.print('\t'); // Tab separator

62 Serial.print(rmsX-2.4, 6);

63 Serial.print('\t'); // Tab separator

64 Serial.print(rmsY-1.50, 6);

65 Serial.print('\t'); // Tab separator

66 Serial.print(rmsZ-1.32, 6);

67 Serial.print('\t'); // Tab separator

68 Serial.print(rmsSound-0.20, 6);

69 Serial.print('\t'); // Tab separator

70 Serial.println(rmsCurrent-2.48, 6);

71 }

72

73 // Delay as needed
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74 //delay(10); // Adjust the sampling interval as needed

75 }

76

77 // Function to calculate the RMS value of an array of samples

78 float calculateRMS(int values[], int count) {

79 float sumOfSquares = 0.0;

80

81 for (int i = 0; i < count; i++) {

82 float voltage = (values[i] / 1023.0) * 5.0; // Convert to voltage

83 sumOfSquares += voltage * voltage;

84 }

85

86 float rms = sqrt(sumOfSquares / count);

87 return rms;

88 }

89

90
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A.2 Code for Scenario 02: Making memtable and labelling the data

1

2 clc

3 close all

4 clear all

5

6 % Initialize arrays to store data and fault codes

7 dataCells = cell(600, 1);

8 faultCode = [zeros(120, 1); ones(120, 1);2*ones(120,1);3*ones(120,1);4*ones(120,1)];

9

10 % Process healthy data

11 for i = 1:120

12 filename = sprintf('modified_healthy_%d.xlsx', i);

13 a_i = readtable(filename);

14 %timeVector = seconds(a_i.Time);

15 % aa_i = removevars(a_i, 'Time');

16 %aaa_i = table2timetable(a_i, 'RowTimes');

17 a_i.Properties.VariableNames = {'Y' };

18

19 dataCells{i} = a_i;

20 end

21

22 % Process outer_race faulty data

23 for j = 1:120

24 filename = sprintf('modified_outer_race_fault_%d.xlsx', j);

25 f_j = readtable(filename);

26 % timeVector = seconds(f_j.Time);

27 % ff_j = removevars(f_j, 'Time');

28 % fff_j = table2timetable(f_j, 'RowTimes', timeVector);

29 f_j.Properties.VariableNames = {'Y'};

30

31 dataCells{120 + j} = f_j;

32 end

33

34 % Process inner_race data

35 for k = 1:120

36 filename = sprintf('modified_inner_race_fault_%d.xlsx', k);

37 b_k = readtable(filename);
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38 % timeVector = seconds(b_k.Time);

39 % bb_k = removevars(b_k, 'Time');

40 %bbb_k = table2timetable(b_k, 'RowTimes', timeVector);

41 b_k.Properties.VariableNames = {'Y'};

42

43 dataCells{240 + k} = b_k;

44 end

45

46 % Process ball_fault data

47 for l = 1:120

48 filename = sprintf('modified_ball_fault_%d.xlsx', l);

49 c_l = readtable(filename);

50 %timeVector = seconds(c_l.Time);

51 %cc_l= removevars(c_l, 'Time');

52 %ccc_l = table2timetable(c_l, 'RowTimes', timeVector);

53 c_l.Properties.VariableNames = {'Y'};

54

55 dataCells{360 + l} = c_l;

56 end

57 % Process compound_fault data

58 for m = 1:120

59 filename = sprintf('compound_fault_%d.xlsx', l);

60 d_m = readtable(filename);

61 %timeVector = seconds(c_l.Time);

62 %cc_l= removevars(c_l, 'Time');

63 %ddd_m = table2timetable(d_m, 'RowTimes', timeVector);

64 d_m.Properties.VariableNames = {'Y'};

65

66 dataCells{480 + m} = d_m;

67 end

68 % Create memtable by concatenating data and fault code

69 memtable = table(dataCells, faultCode, 'VariableNames', {'Data', 'FaultCode'});

70

71 % Set the random seed for reproducibility

72 rng(30);

73

74 % Shuffle indices for random split

75 indices = randperm(size(memtable, 1));

76

77 % Calculate the number of samples for training (70%) and testing (30%)
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78 training_samples = round(0.7 * size(memtable, 1));

79 testing_samples = size(memtable, 1) - training_samples;

80

81 % Split the data and fault codes

82 training_data = memtable(indices(1:training_samples), :);

83 testing_data = memtable(indices(training_samples+1:end), :);

84

85 % Verify the separation of faults and healthy data in training and testing sets

86 disp('Training Set Distribution:');

87 disp(tabulate(training_data.FaultCode));

88

89 disp('Testing Set Distribution:');

90 disp(tabulate(testing_data.FaultCode));

91
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A.3 Code for Scenario 03:Time Domain Feature Extraction of the Data

1

2 function [featureTable,outputTable] = diagnosticFeatures(testing_data)

3 %DIAGNOSTICFEATURES recreates results in Diagnostic Feature Designer.

4 %

5 % Input:

6 % inputData: A table or a cell array of tables/matrices containing the

7 % data as those imported into the app.

8 %

9 % Output:

10 % featureTable: A table containing all features and condition variables.

11 % outputTable: A table containing the computation results.

12 %

13 % This function computes spectra:

14 % Data_ps/SpectrumData

15 %

16 % This function computes features:

17 % Data_ps_spec/PeakAmp1

18 % Data_ps_spec/PeakFreq1

19 % Data_ps_spec/BandPower

20 %

21 % Organization of the function:

22 % 1. Compute signals/spectra/features

23 % 2. Extract computed features into a table

24 %

25 % Modify the function to add or remove data processing, feature generation

26 % or ranking operations.

27

28 % Auto-generated by MATLAB on 07-Feb-2024 02:16:23

29

30 % Create output ensemble.

31 outputEnsemble =

workspaceEnsemble(testing_data,'DataVariables',"Data",'ConditionVariables',"FaultCode");↪→

32

33 % Reset the ensemble to read from the beginning of the ensemble.

34 reset(outputEnsemble);

35

36 % Append new signal or feature names to DataVariables.
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37 outputEnsemble.DataVariables =

unique([outputEnsemble.DataVariables;"Data_ps";"Data_ps_spec"],'stable');↪→

38

39 % Set SelectedVariables to select variables to read from the ensemble.

40 outputEnsemble.SelectedVariables = "Data";

41

42 % Loop through all ensemble members to read and write data.

43 while hasdata(outputEnsemble)

44 % Read one member.

45 member = read(outputEnsemble);

46

47 % Get all input variables.

48 Data = readMemberData(member,"Data");

49 iv = (0:1:(height(Data)-1)*1)';

50 Data.Sample = iv;

51

52 % Initialize a table to store results.

53 memberResult = table;

54

55 %% PowerSpectrum

56 try

57 % Get units to use in computed spectrum.

58 tuReal = "samples";

59 tuTime = "seconds";

60

61 % Compute effective sampling rate.

62 tNumeric = time2num(Data.Sample,tuReal);

63 [Fs,irregular] = effectivefs(tNumeric);

64 Ts = 1/Fs;

65

66 % Resample non-uniform signals.

67 x = Data.Y;

68 if irregular

69 x = resample(x,tNumeric,Fs,'linear');

70 end

71

72 % Compute the autoregressive model.

73 data = iddata(x,[],Ts,'TimeUnit',tuTime,'OutputName','SpectrumData');

74 arOpt = arOptions('Approach','fb','Window','now','EstimateCovariance',false);

75 model = ar(data,4,arOpt);
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76

77 % Compute the power spectrum.

78 [ps,w] = spectrum(model);

79 ps = reshape(ps, numel(ps), 1);

80 factor = 1/2/pi

81 w = factor*w;

82

83 % Remove frequencies above Nyquist frequency.

84 I = w<=(Fs/2+1e4*eps);

85 w = w(I);

86 ps = ps(I);

87

88 % Configure the computed spectrum.

89 ps = table(w, ps, 'VariableNames', ["Frequency", "SpectrumData"]);

90 ps.Properties.VariableUnits = ["cycles/sample", ""];

91 ps = addprop(ps, {'SampleFrequency'}, {'table'});

92 ps.Properties.CustomProperties.SampleFrequency = Fs;

93 Data_ps = ps;

94 catch

95 Data_ps = table(NaN, NaN, 'VariableNames', ["Frequency", "SpectrumData"]);

96 end

97

98 % Append computed results to the member table.

99 memberResult = [memberResult, ...

100 table({Data_ps},'VariableNames',"Data_ps")]; %#ok<AGROW>

101

102 %% SpectrumFeatures

103 try

104 % Compute spectral features.

105 % Get frequency unit conversion factor.

106 factor = 2*pi;

107 ps = Data_ps.SpectrumData;

108 w = Data_ps.Frequency;

109 w = factor*w;

110 mask_1 = (w>=factor*1.59154943091895e-06) & (w<=factor*0.5);

111 ps = ps(mask_1);

112 w = w(mask_1);

113

114 % Compute spectral peaks.

115 [peakAmp,peakFreq] = findpeaks(ps,w/factor,'MinPeakHeight',-Inf, ...
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116

'MinPeakProminence',0,'MinPeakDistance',0.001,'SortStr','descend','NPeaks',2);↪→

117 peakAmp = [peakAmp(:); NaN(2-numel(peakAmp),1)];

118 peakFreq = [peakFreq(:); NaN(2-numel(peakFreq),1)];

119

120 % Extract individual feature values.

121 PeakAmp1 = peakAmp(1);

122 PeakFreq1 = peakFreq(1);

123 BandPower = trapz(w/factor,ps);

124

125 % Concatenate signal features.

126 featureValues = [PeakAmp1,PeakFreq1,BandPower];

127

128 % Package computed features into a table.

129 featureNames = ["PeakAmp1","PeakFreq1","BandPower"];

130 Data_ps_spec = array2table(featureValues,'VariableNames',featureNames);

131 catch

132 % Package computed features into a table.

133 featureValues = NaN(1,3);

134 featureNames = ["PeakAmp1","PeakFreq1","BandPower"];

135 Data_ps_spec = array2table(featureValues,'VariableNames',featureNames);

136 end

137

138 % Append computed results to the member table.

139 memberResult = [memberResult, ...

140 table({Data_ps_spec},'VariableNames',"Data_ps_spec")]; %#ok<AGROW>

141

142 %% Write all the results for the current member to the ensemble.

143 writeToLastMemberRead(outputEnsemble,memberResult)

144 end

145

146 % Gather all features into a table.

147 featureTable = readFeatureTable(outputEnsemble);

148

149 % Set SelectedVariables to select variables to read from the ensemble.

150 outputEnsemble.SelectedVariables =

unique([outputEnsemble.DataVariables;outputEnsemble.ConditionVariables;outputEnsemble.IndependentVariables],'stable');↪→

151

152 % Gather results into a table.

153 outputTable = readall(outputEnsemble);
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154 end

155
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A.4 Code for Scenario 04: Frequency Domain Feature Extraction

1

2 function [featureTable,ranking,outputTable] = diagnosticFeatures(inputData)

3 %DIAGNOSTICFEATURES recreates results in Diagnostic Feature Designer.

4 %

5 % Input:

6 % inputData: A table or a cell array of tables/matrices containing the

7 % data as those imported into the app.

8 %

9 % Output:

10 % featureTable: A table containing all features and condition variables.

11 % ranking: A table containing ranking scores for selected features.

12 % outputTable: A table containing the computation results.

13 %

14 % This function computes spectra:

15 % Data_ps/SpectrumData

16 %

17 % This function computes features:

18 % Data_ps_spec/PeakAmp1

19 % Data_ps_spec/PeakFreq1

20 % Data_ps_spec/BandPower

21 %

22 % This function ranks computed feautres using algorithms:

23 % One-way ANOVA

24 %

25 % Organization of the function:

26 % 1. Compute signals/spectra/features

27 % 2. Extract computed features into a table

28 % 3. Rank features

29 %

30 % Modify the function to add or remove data processing, feature generation

31 % or ranking operations.

32

33 % Auto-generated by MATLAB on 07-Feb-2024 00:40:51

34

35 % Create output ensemble.

36 outputEnsemble =

workspaceEnsemble(inputData,'DataVariables',"Data",'ConditionVariables',"FaultCode");↪→
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37

38 % Reset the ensemble to read from the beginning of the ensemble.

39 reset(outputEnsemble);

40

41 % Append new signal or feature names to DataVariables.

42 outputEnsemble.DataVariables =

unique([outputEnsemble.DataVariables;"Data_ps";"Data_ps_spec"],'stable');↪→

43

44 % Set SelectedVariables to select variables to read from the ensemble.

45 outputEnsemble.SelectedVariables = "Data";

46

47 % Loop through all ensemble members to read and write data.

48 while hasdata(outputEnsemble)

49 % Read one member.

50 member = read(outputEnsemble);

51

52 % Get all input variables.

53 Data = readMemberData(member,"Data");

54 iv = (0:1:(height(Data)-1)*1)';

55 Data.Sample = iv;

56

57 % Initialize a table to store results.

58 memberResult = table;

59

60 %% PowerSpectrum

61 try

62 % Get units to use in computed spectrum.

63 tuReal = "samples";

64 tuTime = "seconds";

65

66 % Compute effective sampling rate.

67 tNumeric = time2num(Data.Sample,tuReal);

68 [Fs,irregular] = effectivefs(tNumeric);

69 Ts = 1/Fs;

70

71 % Resample non-uniform signals.

72 x = Data.X;

73 if irregular

74 x = resample(x,tNumeric,Fs,'linear');

75 end
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76

77 % Compute the state-space model.

78 data = iddata(x,[],Ts,'TimeUnit',tuTime,'OutputName','SpectrumData');

79 ssOpt =

ssestOptions('N4Horizon','auto','N4Weight','CVA','EstimateCovariance',false);↪→

80 ssOpt.Utility.Interactive = false;

81 ssOpt.SearchOptions.MaxIterations = 20;

82 model = ssest(data,4,ssOpt,'Ts',Ts);

83

84 % Compute the power spectrum.

85 [ps,w] = spectrum(model);

86 ps = reshape(ps, numel(ps), 1);

87 factor = 1/2/pi

88 w = factor*w;

89

90 % Remove frequencies above Nyquist frequency.

91 I = w<=(Fs/2+1e4*eps);

92 w = w(I);

93 ps = ps(I);

94

95 % Configure the computed spectrum.

96 ps = table(w, ps, 'VariableNames', ["Frequency", "SpectrumData"]);

97 ps.Properties.VariableUnits = ["cycles/sample", ""];

98 ps = addprop(ps, {'SampleFrequency'}, {'table'});

99 ps.Properties.CustomProperties.SampleFrequency = Fs;

100 Data_ps = ps;

101 catch

102 Data_ps = table(NaN, NaN, 'VariableNames', ["Frequency", "SpectrumData"]);

103 end

104

105 % Append computed results to the member table.

106 memberResult = [memberResult, ...

107 table({Data_ps},'VariableNames',"Data_ps")]; %#ok<AGROW>

108

109 %% SpectrumFeatures

110 try

111 % Compute spectral features.

112 % Get frequency unit conversion factor.

113 factor = 2*pi;

114 ps = Data_ps.SpectrumData;
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115 w = Data_ps.Frequency;

116 w = factor*w;

117 mask_1 = (w>=factor*1.59154943091895e-11) & (w<=factor*0.5);

118 ps = ps(mask_1);

119 w = w(mask_1);

120

121 % Compute spectral peaks.

122 [peakAmp,peakFreq] = findpeaks(ps,w/factor,'MinPeakHeight',-Inf, ...

123

'MinPeakProminence',0,'MinPeakDistance',0.001,'SortStr','descend','NPeaks',1);↪→

124 peakAmp = [peakAmp(:); NaN(1-numel(peakAmp),1)];

125 peakFreq = [peakFreq(:); NaN(1-numel(peakFreq),1)];

126

127 % Extract individual feature values.

128 PeakAmp1 = peakAmp(1);

129 PeakFreq1 = peakFreq(1);

130 BandPower = trapz(w/factor,ps);

131

132 % Concatenate signal features.

133 featureValues = [PeakAmp1,PeakFreq1,BandPower];

134

135 % Package computed features into a table.

136 featureNames = ["PeakAmp1","PeakFreq1","BandPower"];

137 Data_ps_spec = array2table(featureValues,'VariableNames',featureNames);

138 catch

139 % Package computed features into a table.

140 featureValues = NaN(1,3);

141 featureNames = ["PeakAmp1","PeakFreq1","BandPower"];

142 Data_ps_spec = array2table(featureValues,'VariableNames',featureNames);

143 end

144

145 % Append computed results to the member table.

146 memberResult = [memberResult, ...

147 table({Data_ps_spec},'VariableNames',"Data_ps_spec")]; %#ok<AGROW>

148

149 %% Write all the results for the current member to the ensemble.

150 writeToLastMemberRead(outputEnsemble,memberResult)

151 end

152

153 % Gather all features into a table.
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154 featureTable = readFeatureTable(outputEnsemble);

155

156 % Feature ranking for FeatureTable1

157 selectedFeatureNames =

["Data_ps_spec/PeakAmp1","Data_ps_spec/PeakFreq1","Data_ps_spec/BandPower"];↪→

158

159 % Get selected features and labels for classification ranking

160 selectedFeatureValues = featureTable{:,selectedFeatureNames};

161 label = featureTable{:,"FaultCode"};

162

163 % Convert label to numeric values

164 if iscategorical(label)

165 label = string(label);

166 end

167 group = grp2idx(label);

168

169 % Initialize an empty matrix to store ranking scores

170 score = zeros(numel(selectedFeatureNames),0);

171

172 % Initialize a string array to store ranking method names

173 methodList = strings(0);

174

175 %% One-way ANOVA

176 % Normalize features using minmax.

177 fNorm =

(selectedFeatureValues-min(selectedFeatureValues,[],1))./(max(selectedFeatureValues,[],1)-min(selectedFeatureValues,[],1));↪→

178

179 % Compute ranking score using One-Way ANOVA.

180 numFeatures = size(fNorm,2);

181 z = zeros(numFeatures,1);

182 for k = 1:numFeatures

183 [˜,tbl] = anova1(fNorm(:,k),group,'off');

184 % Get the F-statistic from the output of one-way ANOVA.

185 stats = tbl{2,5};

186 if ˜isempty(stats)

187 z(k) = stats;

188 end

189 end

190

191 % Append new score and method name.
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192 score = [score,z];

193 methodList = [methodList,"One-way ANOVA"];

194

195

196 %% Create ranking result table

197 featureColumn = table(selectedFeatureNames(:),'VariableNames',{'Features'});

198 ranking = [featureColumn array2table(score,'VariableNames',methodList)];

199 ranking = sortrows(ranking,'One-way ANOVA','descend');

200

201 % Set SelectedVariables to select variables to read from the ensemble.

202 outputEnsemble.SelectedVariables =

unique([outputEnsemble.DataVariables;outputEnsemble.ConditionVariables;outputEnsemble.IndependentVariables],'stable');↪→

203

204 % Gather results into a table.

205 outputTable = readall(outputEnsemble);

206 end

207

208
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A.5 Code for Scenario 05: Graphical User Interface Implementation

1 \newpage

2

3

4 classdef app2 < matlab.apps.AppBase

5

6 % Properties that correspond to app components

7 properties (Access = public)

8 FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure matlab.ui.Figure

9 TabGroup3 matlab.ui.container.TabGroup

10 XTab matlab.ui.container.Tab

11 TabGroup matlab.ui.container.TabGroup

12 TimeDomainTab matlab.ui.container.Tab

13 TabGroup2 matlab.ui.container.TabGroup

14 SVMTab matlab.ui.container.Tab

15 SVMbasedModelLabel matlab.ui.control.Label

16 ResultTextArea matlab.ui.control.TextArea

17 ResultTextAreaLabel matlab.ui.control.Label

18 Image matlab.ui.control.Image

19 PredictionLabel matlab.ui.control.Label

20 Button_3 matlab.ui.control.Button

21 FeatureExtractionLabel matlab.ui.control.Label

22 Button_2 matlab.ui.control.Button

23 ImportfileLabel matlab.ui.control.Label

24 Button matlab.ui.control.Button

25 KNNTab matlab.ui.container.Tab

26 KNNbasedModelLabel matlab.ui.control.Label

27 ResultTextArea_21 matlab.ui.control.TextArea

28 ResultTextArea_21Label matlab.ui.control.Label

29 Image_21 matlab.ui.control.Image

30 PredictionLabel_21 matlab.ui.control.Label

31 Button_63 matlab.ui.control.Button

32 FeatureExtractionLabel_21 matlab.ui.control.Label

33 Button_62 matlab.ui.control.Button

34 ImportfileLabel_21 matlab.ui.control.Label

35 Button_61 matlab.ui.control.Button

36 EnsembleTab matlab.ui.container.Tab

37 EnsemblebasedModelLabel matlab.ui.control.Label
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38 ResultTextArea_7 matlab.ui.control.TextArea

39 ResultTextArea_7Label matlab.ui.control.Label

40 Image_7 matlab.ui.control.Image

41 PredictionLabel_7 matlab.ui.control.Label

42 Button_21 matlab.ui.control.Button

43 FeatureExtractionLabel_7 matlab.ui.control.Label

44 Button_20 matlab.ui.control.Button

45 ImportfileLabel_7 matlab.ui.control.Label

46 Button_19 matlab.ui.control.Button

47 NeuralNetworkTab matlab.ui.container.Tab

48 NeuralNetworkbasedModelLabel matlab.ui.control.Label

49 ResultTextArea_8 matlab.ui.control.TextArea

50 ResultTextArea_8Label matlab.ui.control.Label

51 Image_8 matlab.ui.control.Image

52 PredictionLabel_8 matlab.ui.control.Label

53 Button_24 matlab.ui.control.Button

54 FeatureExtractionLabel_8 matlab.ui.control.Label

55 Button_23 matlab.ui.control.Button

56 ImportfileLabel_8 matlab.ui.control.Label

57 Button_22 matlab.ui.control.Button

58 FrequencyDomainTab matlab.ui.container.Tab

59 YTab matlab.ui.container.Tab

60 TabGroup_2 matlab.ui.container.TabGroup

61 TimeDomainTab_2 matlab.ui.container.Tab

62 TabGroup2_2 matlab.ui.container.TabGroup

63 SVMTab_2 matlab.ui.container.Tab

64 ResultTextArea_22 matlab.ui.control.TextArea

65 ResultTextArea_22Label matlab.ui.control.Label

66 Image_22 matlab.ui.control.Image

67 PredictionLabel_22 matlab.ui.control.Label

68 Button_66 matlab.ui.control.Button

69 FeatureExtractionLabel_22 matlab.ui.control.Label

70 Button_65 matlab.ui.control.Button

71 ImportfileLabel_22 matlab.ui.control.Label

72 Button_64 matlab.ui.control.Button

73 KNNTab_2 matlab.ui.container.Tab

74 ResultTextArea_9 matlab.ui.control.TextArea

75 ResultTextArea_9Label matlab.ui.control.Label

76 Image_9 matlab.ui.control.Image

77 PredictionLabel_9 matlab.ui.control.Label

RESTRICTED 120



RESTRICTED

78 Button_27 matlab.ui.control.Button

79 FeatureExtractionLabel_9 matlab.ui.control.Label

80 Button_26 matlab.ui.control.Button

81 ImportfileLabel_9 matlab.ui.control.Label

82 Button_25 matlab.ui.control.Button

83 EnsembleTab_2 matlab.ui.container.Tab

84 ResultTextArea_10 matlab.ui.control.TextArea

85 ResultTextArea_10Label matlab.ui.control.Label

86 Image_10 matlab.ui.control.Image

87 PredictionLabel_10 matlab.ui.control.Label

88 Button_30 matlab.ui.control.Button

89 FeatureExtractionLabel_10 matlab.ui.control.Label

90 Button_29 matlab.ui.control.Button

91 ImportfileLabel_10 matlab.ui.control.Label

92 Button_28 matlab.ui.control.Button

93 NeuralNetworkTab_2 matlab.ui.container.Tab

94 ResultTextArea_11 matlab.ui.control.TextArea

95 ResultTextArea_11Label matlab.ui.control.Label

96 Image_11 matlab.ui.control.Image

97 PredictionLabel_11 matlab.ui.control.Label

98 Button_33 matlab.ui.control.Button

99 FeatureExtractionLabel_11 matlab.ui.control.Label

100 Button_32 matlab.ui.control.Button

101 ImportfileLabel_11 matlab.ui.control.Label

102 Button_31 matlab.ui.control.Button

103 FrequencyDomainTab_2 matlab.ui.container.Tab

104 ZTab matlab.ui.container.Tab

105 TabGroup_3 matlab.ui.container.TabGroup

106 TimeDomainTab_3 matlab.ui.container.Tab

107 TabGroup2_3 matlab.ui.container.TabGroup

108 SVMTab_3 matlab.ui.container.Tab

109 ResultTextArea_23 matlab.ui.control.TextArea

110 ResultTextArea_23Label matlab.ui.control.Label

111 Image_23 matlab.ui.control.Image

112 PredictionLabel_23 matlab.ui.control.Label

113 Button_69 matlab.ui.control.Button

114 FeatureExtractionLabel_23 matlab.ui.control.Label

115 Button_68 matlab.ui.control.Button

116 ImportfileLabel_23 matlab.ui.control.Label

117 Button_67 matlab.ui.control.Button
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118 KNNTab_3 matlab.ui.container.Tab

119 ResultTextArea_12 matlab.ui.control.TextArea

120 ResultTextArea_12Label matlab.ui.control.Label

121 Image_12 matlab.ui.control.Image

122 PredictionLabel_12 matlab.ui.control.Label

123 Button_36 matlab.ui.control.Button

124 FeatureExtractionLabel_12 matlab.ui.control.Label

125 Button_35 matlab.ui.control.Button

126 ImportfileLabel_12 matlab.ui.control.Label

127 Button_34 matlab.ui.control.Button

128 EnsembleTab_3 matlab.ui.container.Tab

129 ResultTextArea_13 matlab.ui.control.TextArea

130 ResultTextArea_13Label matlab.ui.control.Label

131 Image_13 matlab.ui.control.Image

132 PredictionLabel_13 matlab.ui.control.Label

133 Button_39 matlab.ui.control.Button

134 FeatureExtractionLabel_13 matlab.ui.control.Label

135 Button_38 matlab.ui.control.Button

136 ImportfileLabel_13 matlab.ui.control.Label

137 Button_37 matlab.ui.control.Button

138 NeuralNetworkTab_3 matlab.ui.container.Tab

139 ResultTextArea_14 matlab.ui.control.TextArea

140 ResultTextArea_14Label matlab.ui.control.Label

141 Image_14 matlab.ui.control.Image

142 PredictionLabel_14 matlab.ui.control.Label

143 Button_42 matlab.ui.control.Button

144 FeatureExtractionLabel_14 matlab.ui.control.Label

145 Button_41 matlab.ui.control.Button

146 ImportfileLabel_14 matlab.ui.control.Label

147 Button_40 matlab.ui.control.Button

148 FrequencyDomainTab_3 matlab.ui.container.Tab

149 AcousticTab matlab.ui.container.Tab

150 TabGroup_4 matlab.ui.container.TabGroup

151 TimeDomainTab_4 matlab.ui.container.Tab

152 TabGroup2_4 matlab.ui.container.TabGroup

153 SVMTab_4 matlab.ui.container.Tab

154 ResultTextArea_24 matlab.ui.control.TextArea

155 ResultTextArea_24Label matlab.ui.control.Label

156 Image_24 matlab.ui.control.Image

157 PredictionLabel_24 matlab.ui.control.Label

RESTRICTED 122



RESTRICTED

158 Button_72 matlab.ui.control.Button

159 FeatureExtractionLabel_24 matlab.ui.control.Label

160 Button_71 matlab.ui.control.Button

161 ImportfileLabel_24 matlab.ui.control.Label

162 Button_70 matlab.ui.control.Button

163 KNNTab_4 matlab.ui.container.Tab

164 ResultTextArea_15 matlab.ui.control.TextArea

165 ResultTextArea_15Label matlab.ui.control.Label

166 Image_15 matlab.ui.control.Image

167 PredictionLabel_15 matlab.ui.control.Label

168 Button_45 matlab.ui.control.Button

169 FeatureExtractionLabel_15 matlab.ui.control.Label

170 Button_44 matlab.ui.control.Button

171 ImportfileLabel_15 matlab.ui.control.Label

172 Button_43 matlab.ui.control.Button

173 EnsembleTab_4 matlab.ui.container.Tab

174 ResultTextArea_16 matlab.ui.control.TextArea

175 ResultTextArea_16Label matlab.ui.control.Label

176 Image_16 matlab.ui.control.Image

177 PredictionLabel_16 matlab.ui.control.Label

178 Button_48 matlab.ui.control.Button

179 FeatureExtractionLabel_16 matlab.ui.control.Label

180 Button_47 matlab.ui.control.Button

181 ImportfileLabel_16 matlab.ui.control.Label

182 Button_46 matlab.ui.control.Button

183 NeuralNetworkTab_4 matlab.ui.container.Tab

184 ResultTextArea_17 matlab.ui.control.TextArea

185 ResultTextArea_17Label matlab.ui.control.Label

186 Image_17 matlab.ui.control.Image

187 PredictionLabel_17 matlab.ui.control.Label

188 Button_51 matlab.ui.control.Button

189 FeatureExtractionLabel_17 matlab.ui.control.Label

190 Button_50 matlab.ui.control.Button

191 ImportfileLabel_17 matlab.ui.control.Label

192 Button_49 matlab.ui.control.Button

193 FrequencyDomainTab_4 matlab.ui.container.Tab

194 CurrentTab matlab.ui.container.Tab

195 TabGroup_5 matlab.ui.container.TabGroup

196 TimeDomainTab_5 matlab.ui.container.Tab

197 TabGroup2_5 matlab.ui.container.TabGroup

198 SVMTab_5 matlab.ui.container.Tab

199 ResultTextArea_25 matlab.ui.control.TextArea

200 ResultTextArea_25Label matlab.ui.control.Label

201 Image_25 matlab.ui.control.Image

202 PredictionLabel_25 matlab.ui.control.Label

203 Button_75 matlab.ui.control.Button

204 FeatureExtractionLabel_25 matlab.ui.control.Label

205 Button_74 matlab.ui.control.Button

206 ImportfileLabel_25 matlab.ui.control.Label

207 Button_73 matlab.ui.control.Button

208 KNNTab_5 matlab.ui.container.Tab

209 ResultTextArea_18 matlab.ui.control.TextArea

210 ResultTextArea_18Label matlab.ui.control.Label

211 Image_18 matlab.ui.control.Image

212 PredictionLabel_18 matlab.ui.control.Label

213 Button_54 matlab.ui.control.Button

214 FeatureExtractionLabel_18 matlab.ui.control.Label

215 Button_53 matlab.ui.control.Button

216 ImportfileLabel_18 matlab.ui.control.Label

217 Button_52 matlab.ui.control.Button

218 EnsembleTab_5 matlab.ui.container.Tab

219 ResultTextArea_19 matlab.ui.control.TextArea

220 ResultTextArea_19Label matlab.ui.control.Label

221 Image_19 matlab.ui.control.Image

222 PredictionLabel_19 matlab.ui.control.Label

223 Button_57 matlab.ui.control.Button

224 FeatureExtractionLabel_19 matlab.ui.control.Label

225 Button_56 matlab.ui.control.Button

226 ImportfileLabel_19 matlab.ui.control.Label

227 Button_55 matlab.ui.control.Button

228 NeuralNetworkTab_5 matlab.ui.container.Tab

229 ResultTextArea_20 matlab.ui.control.TextArea

230 ResultTextArea_20Label matlab.ui.control.Label

231 Image_20 matlab.ui.control.Image

232 PredictionLabel_20 matlab.ui.control.Label

233 Button_60 matlab.ui.control.Button

234 FeatureExtractionLabel_20 matlab.ui.control.Label

235 Button_59 matlab.ui.control.Button

236 ImportfileLabel_20 matlab.ui.control.Label

237 Button_58 matlab.ui.control.Button

238 FrequencyDomainTab_5 matlab.ui.container.Tab

239 Image2 matlab.ui.control.Image

240 FaultDiagnosticofInductionMotorLabel matlab.ui.control.Label

241 end

242

243

244

245 % Callbacks that handle component events

246 methods (Access = private)

247

248 % Button pushed function: Button

249 function ButtonPushed(app, event)

250

251 % Open a file dialog for users to select the test_data file

252 [filename, filepath] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)'; '*.csv',

'CSV Files (*.csv)'}, 'Select test_data file');↪→

253

254 % Check if the user canceled the file selection

255 if isequal(filename, 0)

256 app.ResultTextArea.Value = 'File selection canceled.';

257 return;

258 end

259

260 % Construct the full path to the selected file

261 fullFilePath = fullfile(filepath, filename);

262

263 % Read the selected file using readtable

264 try

265 g_h = readtable(fullFilePath);

266 g_h.Properties.VariableNames = {'X'};

267 catch

268 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

269 return;

270 end

271

272 % Create memtable by concatenating data and fault code

273 memtable_test = table({g_h}, 'VariableNames', {'Data'});

274

275 % Save the memtable_test variable in the base MATLAB workspace

276 assignin('base', 'memtable_test', memtable_test);

277

278 % Display a message or update UI components if needed

279 app.ResultTextArea.Value = 'File successfully loaded!';

280

281

282 end

283

284 % Callback function: Button_2, ResultTextArea

285 function RunFile2ButtonPushed(app, event)

286 % Check if memtable_test exists in the base workspace

287 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

288 % Display an error message or handle accordingly

289 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

290 return;

291 end

292

293 % Get memtable_test from the base workspace

294 memtable_test = evalin('base', 'memtable_test');

295

296 % Call diagnosticFeatures function

297 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

298

299 % Display a message or update UI components if needed

300 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

301

302 % Save the featureTable and outputTable in the base MATLAB workspace

303 assignin('base', 'featureTable', featureTable);

304 assignin('base', 'outputTable', outputTable);

305

306 % Display a message or update UI components if needed

307 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

308

309

310 end

311

312 % Button pushed function: Button_3

313 function Button_3Pushed(app, event)

314

315 % Check if featureTable exists in the base workspace

316 if ˜evalin('base', 'exist(''featureTable'', ''var'')')

317 % Display an error message or handle accordingly

318 app.ResultTextArea.Value = 'Error: featureTable not found. Run

RunFile2Button first.';↪→

319 return;

320 end

321

322 % Get featureTable from the base workspace

323 featureTable = evalin('base', 'featureTable');

324

325 % Call predictFunction and get the result

326 result =predictFunction(featureTable);

327

328 % Display the result in the TextArea

329 app.ResultTextArea.Value = ['Prediction Result: ' mat2str(result)];

330

331 switch result

332 case 4

333 app.ResultTextArea.Value = 'Prediction Result: Compound Fault';

334 case 3

335 app.ResultTextArea.Value = 'Prediction Result: Ball Fault';

336 case 2

337 app.ResultTextArea.Value = 'Prediction Result: Inner Race Fault';

338 case 1

339 app.ResultTextArea.Value = 'Prediction Result: Outer Race Fault';

340 case 0

341 app.ResultTextArea.Value = 'Prediction Result: Healthy';

342 otherwise

343 app.ResultTextArea.Value = 'Unknown Prediction Result';

344 end

345

346

347 function result = predictFunction(featureTable)

348 %#function fitctree

349 % result = predictFunction(varargin) returns prediction results using the model

trained in Classification Learner R2021b↪→

350 %

351 % Input:

352 % varargin: Input argument must be a table, whose 10 columns have the same variable

names and data types as the variables that trained the deployed model.↪→

353 % Output:

354 % result: Prediction results returned by the trained, deployed model

355

356 % Auto-generated by MATLAB on 26-Jan-2024 12:02:19

357

358 inputData = featureTable;

359

360 predictorNames = {'Data_sigstats/ClearanceFactor', 'Data_sigstats/CrestFactor',

'Data_sigstats/ImpulseFactor', 'Data_sigstats/Kurtosis', 'Data_sigstats/Mean',

'Data_sigstats/PeakValue',

'Data_sigstats/RMS','Data_sigstats/ShapeFactor','Data_sigstats/Skewness','Data_sigstats/Std'};

↪→

↪→

↪→

361

362 if istable(inputData)

363 T = inputData;

364 verifyTableInput(T, predictorNames);

365 elseif isstruct(inputData)

366 T = struct2table(inputData);

367 verifyTableInput(T, predictorNames);

368 else

369 error('stats:mlearnapp:DeployedModelError', 'Input argument must be a table or

structure that can be converted to a table using the struct2table function.');↪→

370 end

371

372 % Uncomment the following lines of code if you used preprocessing

373 % steps before importing data into Classification Learner. Add the

374 % preprocessing steps to the processInputData.m file in the

375 % ClassificationLearnerDeployedModel_resources folder.

376

377 % processedData = processInputData(T);

378 % T = processedData;

379

380 fileData = load('TrainedClassificationModel.mat');

381 model = fileData.trainedModel;

382 result = model.predictFcn(T);

383

384 end

385

386 function verifyTableInput(T, predictorNames)

387 isPredictorsInTable = ismember(predictorNames, T.Properties.VariableNames);

388 if ˜all(isPredictorsInTable)

389 error('stats:mlearnapp:DeployedModelError', 'Input argument is missing the following

%d required predictor columns: %s', sum(˜isPredictorsInTable),

strjoin(predictorNames(˜isPredictorsInTable), ', '));

↪→

↪→

390 end

391 end

392 end

393 end

394 % Static method for diagnosticFeatures

395 methods (Static , Access = private)

396 function [featureTable, outputTable] = diagnosticFeatures(memtable_test)

397 % Create output ensemble.

398 outputEnsemble = workspaceEnsemble(memtable_test, 'DataVariables', "Data");

399

400 % Reset the ensemble to read from the beginning of the ensemble.

401 reset(outputEnsemble);

402

403 % Append new signal or feature names to DataVariables.

404 outputEnsemble.DataVariables = unique([outputEnsemble.DataVariables;

"Data_sigstats"], 'stable');↪→

405

406 % Set SelectedVariables to select variables to read from the ensemble.

407 outputEnsemble.SelectedVariables = "Data";

408

409 % Loop through all ensemble members to read and write data.

410 while hasdata(outputEnsemble)

411 % Read one member.

412 member = read(outputEnsemble);

413

414 % Get all input variables.

415 Data = readMemberData(member, "Data");

416 iv = (0:1:(height(Data) - 1) * 1)';

417 Data.Sample = iv;

418

419 % Initialize a table to store results.

420 memberResult = table;

421

422 %% SignalFeatures

423 try

424 % Compute signal features.

425 inputSignal = Data.X;

426 ClearanceFactor = max(abs(inputSignal)) / (mean(sqrt(abs(inputSignal)))

ˆ 2);↪→

427 CrestFactor = peak2rms(inputSignal);

428 ImpulseFactor = max(abs(inputSignal)) / mean(abs(inputSignal));

429 Kurtosis = kurtosis(inputSignal);

430 Mean = mean(inputSignal, 'omitnan');

431 PeakValue = max(abs(inputSignal));

432 RMS = rms(inputSignal, 'omitnan');

433 ShapeFactor = rms(inputSignal, 'omitnan') / mean(abs(inputSignal),

'omitnan');↪→

434 Skewness = skewness(inputSignal);

435 Std = std(inputSignal, 'omitnan');

436

437 % Concatenate signal features.

438 featureValues = [ClearanceFactor, CrestFactor, ImpulseFactor, Kurtosis,

Mean, PeakValue, RMS, ShapeFactor, Skewness, Std];↪→

439

440 % Package computed features into a table.

441 featureNames = ["ClearanceFactor", "CrestFactor", "ImpulseFactor",

"Kurtosis", "Mean", "PeakValue", "RMS", "ShapeFactor", "Skewness",

"Std"];

↪→

↪→

442 Data_sigstats = array2table(featureValues, 'VariableNames',

featureNames);↪→

443 catch

444 % Package computed features into a table.

445 featureValues = NaN(1, 10);

446 featureNames = ["ClearanceFactor", "CrestFactor", "ImpulseFactor",

"Kurtosis", "Mean", "PeakValue", "RMS", "ShapeFactor", "Skewness",

"Std"];

↪→

↪→

447 Data_sigstats = array2table(featureValues, 'VariableNames',

featureNames);↪→

448 end

449

450 % Append computed results to the member table.

451 memberResult = [memberResult, ...

452 table({Data_sigstats}, 'VariableNames', "Data_sigstats")]; %#ok<AGROW>

453

454 %% Write all the results for the current member to the ensemble.

455 writeToLastMemberRead(outputEnsemble, memberResult)

456 end

457

458 % Gather all features into a table.

459 featureTable = readFeatureTable(outputEnsemble);

460

461 % Set SelectedVariables to select variables to read from the ensemble.

462 outputEnsemble.SelectedVariables = unique([outputEnsemble.DataVariables;

outputEnsemble.ConditionVariables; outputEnsemble.IndependentVariables],

'stable');

↪→

↪→

463

464 % Gather results into a table.

465 outputTable = readall(outputEnsemble);

466

467 end

468

469 % Button pushed function: Button_61

470 function Button_61Pushed(app, event)

471

472 % Open a file dialog for users to select the test_data file

473 [filename, filepath] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)'; '*.csv',

'CSV Files (*.csv)'}, 'Select test_data file');↪→

474

475 % Check if the user canceled the file selection

476 if isequal(filename, 0)

477 app.ResultTextArea_21.Value = 'File selection canceled.';

478 return;

479 end

480

481 % Construct the full path to the selected file

482 fullFilePath = fullfile(filepath, filename);

483

484 % Read the selected file using readtable

485 try

486 g_h = readtable(fullFilePath);

487 g_h.Properties.VariableNames = {'X'};

488 catch

489 app.ResultTextArea_21.Value = 'Error reading the selected file. Make sure it

is a valid Excel or CSV file.';↪→

490 return;

491 end

492

493 % Create memtable by concatenating data and fault code

494 memtable_test = table({g_h}, 'VariableNames', {'Data'});

495

496 % Save the memtable_test variable in the base MATLAB workspace

497 assignin('base', 'memtable_test', memtable_test);

498

499 % Display a message or update UI components if needed

500 app.ResultTextArea.Value = 'File successfully loaded!';

501

502 end

503

504 % Button pushed function: Button_19

505 function Button_19Pushed(app, event)

506

507 % Open a file dialog for users to select the test_data file

508 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

509

510 % Check if the user canceled the file selection

511 if isequal(filename, 0)

512 app.ResultTextArea.Value = 'File selection canceled.';

513 return;

514 end

515

516 % Construct the full path to the selected file

517 fullFilePath = fullfile(filepath, filename);

518

519 % Read the selected file using readtable

520 try

521 g_h = readtable(fullFilePath);

522 g_h.Properties.VariableNames = {'X'};

523 catch

524 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

525 return;

526 end

527

528 % Create memtable by concatenating data and fault code

529 memtable_test = table({g_h}, 'VariableNames', {'Data'});

530

531 % Save the memtable_test variable in the base MATLAB workspace

532 assignin('base', 'memtable_test', memtable_test);

533

534 % Display a message or update UI components if needed

535 app.ResultTextArea.Value = 'File successfully loaded!';

536

537 end

538

539 % Button pushed function: Button_22

540 function Button_22Pushed(app, event)

541

542 % Open a file dialog for users to select the test_data file

543 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

544

545 % Check if the user canceled the file selection

546 if isequal(filename, 0)

547 app.ResultTextArea.Value = 'File selection canceled.';

548 return;

549 end

550

551 % Construct the full path to the selected file

552 fullFilePath = fullfile(filepath, filename);

553

554 % Read the selected file using readtable

555 try

556 g_h = readtable(fullFilePath);

557 g_h.Properties.VariableNames = {'X'};

558 catch

559 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

560 return;

561 end

562

563 % Create memtable by concatenating data and fault code

564 memtable_test = table({g_h}, 'VariableNames', {'Data'});

565

566 % Save the memtable_test variable in the base MATLAB workspace

567 assignin('base', 'memtable_test', memtable_test);

568

569 % Display a message or update UI components if needed

570 app.ResultTextArea.Value = 'File successfully loaded!';

571

572 end

573

574 % Button pushed function: Button_64

575 function Button_64Pushed(app, event)

576

577 % Open a file dialog for users to select the test_data file

578 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

579

580 % Check if the user canceled the file selection

581 if isequal(filename, 0)

582 app.ResultTextArea.Value = 'File selection canceled.';

583 return;

584 end

585

586 % Construct the full path to the selected file

587 fullFilePath = fullfile(filepath, filename);

588

589 % Read the selected file using readtable

590 try

591 g_h = readtable(fullFilePath);

592 g_h.Properties.VariableNames = {'Y'};

593 catch

594 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

595 return;

596 end

597

598 % Create memtable by concatenating data and fault code

599 memtable_test = table({g_h}, 'VariableNames', {'Data'});

600

601 % Save the memtable_test variable in the base MATLAB workspace

602 assignin('base', 'memtable_test', memtable_test);

603

604 % Display a message or update UI components if needed

605 app.ResultTextArea.Value = 'File successfully loaded!';

606

607 end

608

609 % Button pushed function: Button_25

610 function Button_25Pushed(app, event)

611

612 % Open a file dialog for users to select the test_data file

613 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

614

615 % Check if the user canceled the file selection

616 if isequal(filename, 0)

617 app.ResultTextArea.Value = 'File selection canceled.';

618 return;

619 end

620

621 % Construct the full path to the selected file

622 fullFilePath = fullfile(filepath, filename);

623

624 % Read the selected file using readtable

625 try

626 g_h = readtable(fullFilePath);

627 g_h.Properties.VariableNames = {'Y'};

628 catch

629 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

630 return;

631 end

632

633 % Create memtable by concatenating data and fault code

634 memtable_test = table({g_h}, 'VariableNames', {'Data'});

635

636 % Save the memtable_test variable in the base MATLAB workspace

637 assignin('base', 'memtable_test', memtable_test);

638

639 % Display a message or update UI components if needed

640 app.ResultTextArea.Value = 'File successfully loaded!';

641

642 end

643

644 % Button pushed function: Button_28

645 function Button_28Pushed(app, event)

646

647 % Open a file dialog for users to select the test_data file

648 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

649

650 % Check if the user canceled the file selection

651 if isequal(filename, 0)

652 app.ResultTextArea.Value = 'File selection canceled.';

653 return;

654 end

655

656 % Construct the full path to the selected file

657 fullFilePath = fullfile(filepath, filename);

658

659 % Read the selected file using readtable

660 try

661 g_h = readtable(fullFilePath);

662 g_h.Properties.VariableNames = {'Y'};

663 catch

664 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

665 return;

666 end

667

668 % Create memtable by concatenating data and fault code

669 memtable_test = table({g_h}, 'VariableNames', {'Data'});

670

671 % Save the memtable_test variable in the base MATLAB workspace

672 assignin('base', 'memtable_test', memtable_test);

673

674 % Display a message or update UI components if needed

675 app.ResultTextArea.Value = 'File successfully loaded!';

676

677 end

678

679 % Button pushed function: Button_31

680 function Button_31Pushed(app, event)

681

682 % Open a file dialog for users to select the test_data file

683 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

684

685 % Check if the user canceled the file selection

686 if isequal(filename, 0)

687 app.ResultTextArea.Value = 'File selection canceled.';

688 return;

689 end

690

691 % Construct the full path to the selected file

692 fullFilePath = fullfile(filepath, filename);

693

694 % Read the selected file using readtable

695 try

696 g_h = readtable(fullFilePath);

697 g_h.Properties.VariableNames = {'Y'};

698 catch

699 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

700 return;

701 end

702

703 % Create memtable by concatenating data and fault code

704 memtable_test = table({g_h}, 'VariableNames', {'Data'});

705

706 % Save the memtable_test variable in the base MATLAB workspace

707 assignin('base', 'memtable_test', memtable_test);

708

709 % Display a message or update UI components if needed

710 app.ResultTextArea.Value = 'File successfully loaded!';

711

712 end

713

714 % Button pushed function: Button_67

715 function Button_67Pushed(app, event)

716

717 % Open a file dialog for users to select the test_data file

718 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

719

720 % Check if the user canceled the file selection

721 if isequal(filename, 0)

722 app.ResultTextArea.Value = 'File selection canceled.';

723 return;

724 end

725

726 % Construct the full path to the selected file

727 fullFilePath = fullfile(filepath, filename);

728

729 % Read the selected file using readtable

730 try

731 g_h = readtable(fullFilePath);

732 g_h.Properties.VariableNames = {'Z'};

733 catch

734 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

735 return;

736 end

737

738 % Create memtable by concatenating data and fault code

739 memtable_test = table({g_h}, 'VariableNames', {'Data'});

740

741 % Save the memtable_test variable in the base MATLAB workspace

742 assignin('base', 'memtable_test', memtable_test);

743

744 % Display a message or update UI components if needed

745 app.ResultTextArea.Value = 'File successfully loaded!';

746

747 end

748

749 % Button pushed function: Button_34

750 function Button_34Pushed(app, event)

751

752 % Open a file dialog for users to select the test_data file

753 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

754

755 % Check if the user canceled the file selection

756 if isequal(filename, 0)

757 app.ResultTextArea.Value = 'File selection canceled.';

758 return;

759 end

760

761 % Construct the full path to the selected file

762 fullFilePath = fullfile(filepath, filename);

763

764 % Read the selected file using readtable

765 try

766 g_h = readtable(fullFilePath);

767 g_h.Properties.VariableNames = {'Z'};

768 catch

769 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

770 return;

771 end

772

773 % Create memtable by concatenating data and fault code

774 memtable_test = table({g_h}, 'VariableNames', {'Data'});

775

776 % Save the memtable_test variable in the base MATLAB workspace

777 assignin('base', 'memtable_test', memtable_test);

778

779 % Display a message or update UI components if needed

780 app.ResultTextArea.Value = 'File successfully loaded!';

781

782 end

783

784 % Button pushed function: Button_37

785 function Button_37Pushed(app, event)

786

787 % Open a file dialog for users to select the test_data file

788 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

789

790 % Check if the user canceled the file selection

791 if isequal(filename, 0)

792 app.ResultTextArea.Value = 'File selection canceled.';

793 return;

794 end

795

796 % Construct the full path to the selected file

797 fullFilePath = fullfile(filepath, filename);

798

799 % Read the selected file using readtable

800 try

801 g_h = readtable(fullFilePath);

802 g_h.Properties.VariableNames = {'Z'};

803 catch

804 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

805 return;

806 end

807

808 % Create memtable by concatenating data and fault code

809 memtable_test = table({g_h}, 'VariableNames', {'Data'});

810

811 % Save the memtable_test variable in the base MATLAB workspace

812 assignin('base', 'memtable_test', memtable_test);

813

814 % Display a message or update UI components if needed

815 app.ResultTextArea.Value = 'File successfully loaded!';

816

817 end

818

819 % Button pushed function: Button_40

820 function Button_40Pushed(app, event)

821

822 % Open a file dialog for users to select the test_data file

823 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

824

825 % Check if the user canceled the file selection

826 if isequal(filename, 0)

827 app.ResultTextArea.Value = 'File selection canceled.';

828 return;

829 end

830

831 % Construct the full path to the selected file

832 fullFilePath = fullfile(filepath, filename);

833

834 % Read the selected file using readtable

835 try

836 g_h = readtable(fullFilePath);

837 g_h.Properties.VariableNames = {'Z'};

838 catch

839 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

840 return;

841 end

842

843 % Create memtable by concatenating data and fault code

844 memtable_test = table({g_h}, 'VariableNames', {'Data'});

845

846 % Save the memtable_test variable in the base MATLAB workspace

847 assignin('base', 'memtable_test', memtable_test);

848

849 % Display a message or update UI components if needed

850 app.ResultTextArea.Value = 'File successfully loaded!';

851

852 end

853

854 % Button pushed function: Button_70

855 function Button_70Pushed(app, event)

856

857 % Open a file dialog for users to select the test_data file

858 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

859

860 % Check if the user canceled the file selection

861 if isequal(filename, 0)

862 app.ResultTextArea.Value = 'File selection canceled.';

863 return;

864 end

865

866 % Construct the full path to the selected file

867 fullFilePath = fullfile(filepath, filename);

868

869 % Read the selected file using readtable

870 try

871 g_h = readtable(fullFilePath);

872 g_h.Properties.VariableNames = {'Sound'};

873 catch

874 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

875 return;

876 end

877

878 % Create memtable by concatenating data and fault code

879 memtable_test = table({g_h}, 'VariableNames', {'Data'});

880

881 % Save the memtable_test variable in the base MATLAB workspace

882 assignin('base', 'memtable_test', memtable_test);

883

884 % Display a message or update UI components if needed

885 app.ResultTextArea.Value = 'File successfully loaded!';

886

887 end

888

889 % Button pushed function: Button_43

890 function Button_43Pushed(app, event)

891

892 % Open a file dialog for users to select the test_data file

893 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

894

895 % Check if the user canceled the file selection

896 if isequal(filename, 0)

897 app.ResultTextArea.Value = 'File selection canceled.';

898 return;

899 end

900

901 % Construct the full path to the selected file

902 fullFilePath = fullfile(filepath, filename);

903

904 % Read the selected file using readtable

905 try

906 g_h = readtable(fullFilePath);

907 g_h.Properties.VariableNames = {'Sound'};

908 catch

909 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

910 return;

911 end

912

913 % Create memtable by concatenating data and fault code

914 memtable_test = table({g_h}, 'VariableNames', {'Data'});

915

916 % Save the memtable_test variable in the base MATLAB workspace

917 assignin('base', 'memtable_test', memtable_test);

918

919 % Display a message or update UI components if needed

920 app.ResultTextArea.Value = 'File successfully loaded!';

921

922 end

923

924 % Button pushed function: Button_46

925 function Button_46Pushed(app, event)

926

927 % Open a file dialog for users to select the test_data file

928 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

929

930 % Check if the user canceled the file selection

931 if isequal(filename, 0)

932 app.ResultTextArea.Value = 'File selection canceled.';

933 return;

934 end

935

936 % Construct the full path to the selected file

937 fullFilePath = fullfile(filepath, filename);

938

939 % Read the selected file using readtable

940 try

941 g_h = readtable(fullFilePath);

942 g_h.Properties.VariableNames = {'Sound'};

943 catch

944 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

945 return;

946 end

947

948 % Create memtable by concatenating data and fault code

949 memtable_test = table({g_h}, 'VariableNames', {'Data'});

950

951 % Save the memtable_test variable in the base MATLAB workspace

952 assignin('base', 'memtable_test', memtable_test);

953

954 % Display a message or update UI components if needed

955 app.ResultTextArea.Value = 'File successfully loaded!';

956

957 end

958

959 % Button pushed function: Button_49

960 function Button_49Pushed(app, event)

961

962 % Open a file dialog for users to select the test_data file

963 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

964

965 % Check if the user canceled the file selection

966 if isequal(filename, 0)

967 app.ResultTextArea.Value = 'File selection canceled.';

968 return;

969 end

970

971 % Construct the full path to the selected file

972 fullFilePath = fullfile(filepath, filename);

973

974 % Read the selected file using readtable

975 try

976 g_h = readtable(fullFilePath);

977 g_h.Properties.VariableNames = {'Sound'};

978 catch

979 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

980 return;

981 end

982

983 % Create memtable by concatenating data and fault code

984 memtable_test = table({g_h}, 'VariableNames', {'Data'});

985

986 % Save the memtable_test variable in the base MATLAB workspace

987 assignin('base', 'memtable_test', memtable_test);

988

989 % Display a message or update UI components if needed

990 app.ResultTextArea.Value = 'File successfully loaded!';

991

992 end

993

994 % Button pushed function: Button_73

995 function Button_73Pushed(app, event)

996

997 % Open a file dialog for users to select the test_data file

998 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

999

1000 % Check if the user canceled the file selection

1001 if isequal(filename, 0)

1002 app.ResultTextArea.Value = 'File selection canceled.';

1003 return;

1004 end

1005

1006 % Construct the full path to the selected file

1007 fullFilePath = fullfile(filepath, filename);

1008

1009 % Read the selected file using readtable

1010 try

1011 g_h = readtable(fullFilePath);

1012 g_h.Properties.VariableNames = {'Current'};

1013 catch

1014 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

1015 return;

1016 end

1017

1018 % Create memtable by concatenating data and fault code

1019 memtable_test = table({g_h}, 'VariableNames', {'Data'});

1020

1021 % Save the memtable_test variable in the base MATLAB workspace

1022 assignin('base', 'memtable_test', memtable_test);

1023

1024 % Display a message or update UI components if needed

1025 app.ResultTextArea.Value = 'File successfully loaded!';

1026

1027 end

1028

1029 % Button pushed function: Button_52

1030 function Button_52Pushed(app, event)

1031

1032 % Open a file dialog for users to select the test_data file

1033 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

1034

1035 % Check if the user canceled the file selection

1036 if isequal(filename, 0)

1037 app.ResultTextArea.Value = 'File selection canceled.';

1038 return;

1039 end

1040

1041 % Construct the full path to the selected file

1042 fullFilePath = fullfile(filepath, filename);

1043

1044 % Read the selected file using readtable

1045 try

1046 g_h = readtable(fullFilePath);

1047 g_h.Properties.VariableNames = {'Current'};

1048 catch

1049 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

1050 return;

1051 end

1052

1053 % Create memtable by concatenating data and fault code

1054 memtable_test = table({g_h}, 'VariableNames', {'Data'});

1055

1056 % Save the memtable_test variable in the base MATLAB workspace

1057 assignin('base', 'memtable_test', memtable_test);

1058

1059 % Display a message or update UI components if needed

1060 app.ResultTextArea.Value = 'File successfully loaded!';

1061

1062 end

1063

1064 % Button pushed function: Button_55

1065 function Button_55Pushed(app, event)

1066

1067 % Open a file dialog for users to select the test_data file

1068 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

1069

1070 % Check if the user canceled the file selection

1071 if isequal(filename, 0)

1072 app.ResultTextArea.Value = 'File selection canceled.';

1073 return;

1074 end

1075

1076 % Construct the full path to the selected file

1077 fullFilePath = fullfile(filepath, filename);

1078

1079 % Read the selected file using readtable

1080 try

1081 g_h = readtable(fullFilePath);

1082 g_h.Properties.VariableNames = {'Current'};

1083 catch

1084 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

1085 return;

1086 end

1087

1088 % Create memtable by concatenating data and fault code

1089 memtable_test = table({g_h}, 'VariableNames', {'Data'});

1090

1091 % Save the memtable_test variable in the base MATLAB workspace

1092 assignin('base', 'memtable_test', memtable_test);

1093

1094 % Display a message or update UI components if needed

1095 app.ResultTextArea.Value = 'File successfully loaded!';

1096

1097 end

1098

1099 % Button pushed function: Button_58

1100 function Button_58Pushed(app, event)

1101

1102 % Open a file dialog for users to select the test_data file

1103 [filename, filepath,indx] = uigetfile({'*.xlsx', 'Excel Files (*.xlsx)';

'*.csv', 'CSV Files (*.csv)'}, 'Select test_data file');↪→

1104

1105 % Check if the user canceled the file selection

1106 if isequal(filename, 0)

1107 app.ResultTextArea.Value = 'File selection canceled.';

1108 return;

1109 end

1110

1111 % Construct the full path to the selected file

1112 fullFilePath = fullfile(filepath, filename);

1113

1114 % Read the selected file using readtable

1115 try

1116 g_h = readtable(fullFilePath);

1117 g_h.Properties.VariableNames = {'Current'};

1118 catch

1119 app.ResultTextArea.Value = 'Error reading the selected file. Make sure it is

a valid Excel or CSV file.';↪→

1120 return;

1121 end

1122

1123 % Create memtable by concatenating data and fault code

1124 memtable_test = table({g_h}, 'VariableNames', {'Data'});

1125

1126 % Save the memtable_test variable in the base MATLAB workspace

1127 assignin('base', 'memtable_test', memtable_test);

1128

1129 % Display a message or update UI components if needed

1130 app.ResultTextArea.Value = 'File successfully loaded!';

1131

1132 end

1133

1134 % Button pushed function: Button_62

1135 function Button_62Pushed(app, event)

1136 % Check if memtable_test exists in the base workspace

1137 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1138 % Display an error message or handle accordingly

1139 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1140 return;

1141 end

1142

1143 % Get memtable_test from the base workspace

1144 memtable_test = evalin('base', 'memtable_test');

1145

1146 % Call diagnosticFeatures function

1147 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1148

1149 % Display a message or update UI components if needed

1150 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1151

1152 % Save the featureTable and outputTable in the base MATLAB workspace

1153 assignin('base', 'featureTable', featureTable);

1154 assignin('base', 'outputTable', outputTable);

1155

1156 % Display a message or update UI components if needed

1157 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1158

1159 end

1160

1161 % Button pushed function: Button_20

1162 function Button_20Pushed(app, event)

1163 % Check if memtable_test exists in the base workspace

1164 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1165 % Display an error message or handle accordingly

1166 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1167 return;

1168 end

1169

1170 % Get memtable_test from the base workspace

1171 memtable_test = evalin('base', 'memtable_test');

1172

1173 % Call diagnosticFeatures function

1174 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1175

1176 % Display a message or update UI components if needed

1177 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1178

1179 % Save the featureTable and outputTable in the base MATLAB workspace

1180 assignin('base', 'featureTable', featureTable);

1181 assignin('base', 'outputTable', outputTable);

1182

1183 % Display a message or update UI components if needed

1184 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1185 end

1186

1187 % Button pushed function: Button_23

1188 function Button_23Pushed(app, event)

1189 % Check if memtable_test exists in the base workspace

1190 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1191 % Display an error message or handle accordingly

1192 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1193 return;

1194 end

1195

1196 % Get memtable_test from the base workspace

1197 memtable_test = evalin('base', 'memtable_test');

1198

1199 % Call diagnosticFeatures function

1200 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1201

1202 % Display a message or update UI components if needed

1203 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1204

1205 % Save the featureTable and outputTable in the base MATLAB workspace

1206 assignin('base', 'featureTable', featureTable);

1207 assignin('base', 'outputTable', outputTable);

1208

1209 % Display a message or update UI components if needed

1210 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1211 end

1212

1213 % Button pushed function: Button_65

1214 function Button_65Pushed(app, event)

1215 % Check if memtable_test exists in the base workspace

1216 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1217 % Display an error message or handle accordingly

1218 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1219 return;

1220 end

1221

1222 % Get memtable_test from the base workspace

1223 memtable_test = evalin('base', 'memtable_test');

1224

1225 % Call diagnosticFeatures function

1226 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1227

1228 % Display a message or update UI components if needed

1229 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1230

1231 % Save the featureTable and outputTable in the base MATLAB workspace

1232 assignin('base', 'featureTable', featureTable);

1233 assignin('base', 'outputTable', outputTable);

1234

1235 % Display a message or update UI components if needed

1236 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1237 end

1238

1239 % Button pushed function: Button_26

1240 function Button_26Pushed(app, event)

1241 % Check if memtable_test exists in the base workspace

1242 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1243 % Display an error message or handle accordingly

1244 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1245 return;

1246 end

1247

1248 % Get memtable_test from the base workspace

1249 memtable_test = evalin('base', 'memtable_test');

1250

1251 % Call diagnosticFeatures function

1252 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1253

1254 % Display a message or update UI components if needed

1255 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1256

1257 % Save the featureTable and outputTable in the base MATLAB workspace

1258 assignin('base', 'featureTable', featureTable);

1259 assignin('base', 'outputTable', outputTable);

1260

1261 % Display a message or update UI components if needed

1262 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1263 end

1264

1265 % Button pushed function: Button_29

1266 function Button_29Pushed(app, event)

1267 % Check if memtable_test exists in the base workspace

1268 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1269 % Display an error message or handle accordingly

1270 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1271 return;

1272 end

1273

1274 % Get memtable_test from the base workspace

1275 memtable_test = evalin('base', 'memtable_test');

1276

1277 % Call diagnosticFeatures function

1278 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1279

1280 % Display a message or update UI components if needed

1281 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1282

1283 % Save the featureTable and outputTable in the base MATLAB workspace

1284 assignin('base', 'featureTable', featureTable);

1285 assignin('base', 'outputTable', outputTable);

1286

1287 % Display a message or update UI components if needed

1288 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1289 end

1290

1291 % Button pushed function: Button_32

1292 function Button_32Pushed(app, event)

1293 % Check if memtable_test exists in the base workspace

1294 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1295 % Display an error message or handle accordingly

1296 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1297 return;

1298 end

1299

1300 % Get memtable_test from the base workspace

1301 memtable_test = evalin('base', 'memtable_test');

1302

1303 % Call diagnosticFeatures function

1304 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1305

1306 % Display a message or update UI components if needed

1307 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1308

1309 % Save the featureTable and outputTable in the base MATLAB workspace

1310 assignin('base', 'featureTable', featureTable);

1311 assignin('base', 'outputTable', outputTable);

1312

1313 % Display a message or update UI components if needed

1314 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1315 end

1316

1317 % Button pushed function: Button_68

1318 function Button_68Pushed(app, event)

1319 % Check if memtable_test exists in the base workspace

1320 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1321 % Display an error message or handle accordingly

1322 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1323 return;

1324 end

1325

1326 % Get memtable_test from the base workspace

1327 memtable_test = evalin('base', 'memtable_test');

1328

1329 % Call diagnosticFeatures function

1330 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1331

1332 % Display a message or update UI components if needed

1333 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1334

1335 % Save the featureTable and outputTable in the base MATLAB workspace

1336 assignin('base', 'featureTable', featureTable);

1337 assignin('base', 'outputTable', outputTable);

1338

1339 % Display a message or update UI components if needed

1340 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1341 end

1342

1343 % Button pushed function: Button_35

1344 function Button_35Pushed(app, event)

1345 % Check if memtable_test exists in the base workspace

1346 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1347 % Display an error message or handle accordingly

1348 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1349 return;

1350 end

1351

1352 % Get memtable_test from the base workspace

1353 memtable_test = evalin('base', 'memtable_test');

1354

1355 % Call diagnosticFeatures function

1356 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1357

1358 % Display a message or update UI components if needed

1359 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1360

1361 % Save the featureTable and outputTable in the base MATLAB workspace

1362 assignin('base', 'featureTable', featureTable);

1363 assignin('base', 'outputTable', outputTable);

1364

1365 % Display a message or update UI components if needed

1366 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1367 end

1368

1369 % Button pushed function: Button_38

1370 function Button_38Pushed(app, event)

1371 % Check if memtable_test exists in the base workspace

1372 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1373 % Display an error message or handle accordingly

1374 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1375 return;

1376 end

1377

1378 % Get memtable_test from the base workspace

1379 memtable_test = evalin('base', 'memtable_test');

1380

1381 % Call diagnosticFeatures function

1382 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1383

1384 % Display a message or update UI components if needed

1385 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1386

1387 % Save the featureTable and outputTable in the base MATLAB workspace

1388 assignin('base', 'featureTable', featureTable);

1389 assignin('base', 'outputTable', outputTable);

1390

1391 % Display a message or update UI components if needed

1392 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1393 end

1394

1395 % Button pushed function: Button_41

1396 function Button_41Pushed(app, event)

1397 % Check if memtable_test exists in the base workspace

1398 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1399 % Display an error message or handle accordingly

1400 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1401 return;

1402 end

1403

1404 % Get memtable_test from the base workspace

1405 memtable_test = evalin('base', 'memtable_test');

1406

1407 % Call diagnosticFeatures function

1408 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1409

1410 % Display a message or update UI components if needed

1411 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1412

1413 % Save the featureTable and outputTable in the base MATLAB workspace

1414 assignin('base', 'featureTable', featureTable);

1415 assignin('base', 'outputTable', outputTable);

1416

1417 % Display a message or update UI components if needed

1418 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1419 end

1420

1421 % Button pushed function: Button_71

1422 function Button_71Pushed(app, event)

1423 % Check if memtable_test exists in the base workspace

1424 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1425 % Display an error message or handle accordingly

1426 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1427 return;

1428 end

1429

1430 % Get memtable_test from the base workspace

1431 memtable_test = evalin('base', 'memtable_test');

1432

1433 % Call diagnosticFeatures function

1434 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1435

1436 % Display a message or update UI components if needed

1437 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1438

1439 % Save the featureTable and outputTable in the base MATLAB workspace

1440 assignin('base', 'featureTable', featureTable);

1441 assignin('base', 'outputTable', outputTable);

1442

1443 % Display a message or update UI components if needed

1444 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1445 end

1446

1447 % Button pushed function: Button_44

1448 function Button_44Pushed(app, event)

1449 % Check if memtable_test exists in the base workspace

1450 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1451 % Display an error message or handle accordingly

1452 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1453 return;

1454 end

1455

1456 % Get memtable_test from the base workspace

1457 memtable_test = evalin('base', 'memtable_test');

1458

1459 % Call diagnosticFeatures function

1460 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1461

1462 % Display a message or update UI components if needed

1463 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1464

1465 % Save the featureTable and outputTable in the base MATLAB workspace

1466 assignin('base', 'featureTable', featureTable);

1467 assignin('base', 'outputTable', outputTable);

1468

1469 % Display a message or update UI components if needed

1470 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1471 end

1472

1473 % Button pushed function: Button_47

1474 function Button_47Pushed(app, event)

1475 % Check if memtable_test exists in the base workspace

1476 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1477 % Display an error message or handle accordingly

1478 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1479 return;

1480 end

1481

1482 % Get memtable_test from the base workspace

1483 memtable_test = evalin('base', 'memtable_test');

1484

1485 % Call diagnosticFeatures function

1486 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1487

1488 % Display a message or update UI components if needed

1489 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1490

1491 % Save the featureTable and outputTable in the base MATLAB workspace

1492 assignin('base', 'featureTable', featureTable);

1493 assignin('base', 'outputTable', outputTable);

1494

1495 % Display a message or update UI components if needed

1496 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1497 end

1498

1499 % Button pushed function: Button_50

1500 function Button_50Pushed(app, event)

1501 % Check if memtable_test exists in the base workspace

1502 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1503 % Display an error message or handle accordingly

1504 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1505 return;

1506 end

1507

1508 % Get memtable_test from the base workspace

1509 memtable_test = evalin('base', 'memtable_test');

1510

1511 % Call diagnosticFeatures function

1512 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1513

1514 % Display a message or update UI components if needed

1515 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1516

1517 % Save the featureTable and outputTable in the base MATLAB workspace

1518 assignin('base', 'featureTable', featureTable);

1519 assignin('base', 'outputTable', outputTable);

1520

1521 % Display a message or update UI components if needed

1522 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1523 end

1524

1525 % Button pushed function: Button_74

1526 function Button_74Pushed(app, event)

1527 % Check if memtable_test exists in the base workspace

1528 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1529 % Display an error message or handle accordingly

1530 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1531 return;

1532 end

1533

1534 % Get memtable_test from the base workspace

1535 memtable_test = evalin('base', 'memtable_test');

1536

1537 % Call diagnosticFeatures function

1538 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1539

1540 % Display a message or update UI components if needed

1541 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1542

1543 % Save the featureTable and outputTable in the base MATLAB workspace

1544 assignin('base', 'featureTable', featureTable);

1545 assignin('base', 'outputTable', outputTable);

1546

1547 % Display a message or update UI components if needed

1548 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1549 end

1550

1551 % Button pushed function: Button_53

1552 function Button_53Pushed(app, event)

1553 % Check if memtable_test exists in the base workspace

1554 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1555 % Display an error message or handle accordingly

1556 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1557 return;

1558 end

1559

1560 % Get memtable_test from the base workspace

1561 memtable_test = evalin('base', 'memtable_test');

1562

1563 % Call diagnosticFeatures function

1564 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1565

1566 % Display a message or update UI components if needed

1567 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1568

1569 % Save the featureTable and outputTable in the base MATLAB workspace

1570 assignin('base', 'featureTable', featureTable);

1571 assignin('base', 'outputTable', outputTable);

1572

1573 % Display a message or update UI components if needed

1574 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1575 end

1576

1577 % Button pushed function: Button_56

1578 function Button_56Pushed(app, event)

1579 % Check if memtable_test exists in the base workspace

1580 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1581 % Display an error message or handle accordingly

1582 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1583 return;

1584 end

1585

1586 % Get memtable_test from the base workspace

1587 memtable_test = evalin('base', 'memtable_test');

1588

1589 % Call diagnosticFeatures function

1590 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1591

1592 % Display a message or update UI components if needed

1593 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1594

1595 % Save the featureTable and outputTable in the base MATLAB workspace

1596 assignin('base', 'featureTable', featureTable);

1597 assignin('base', 'outputTable', outputTable);

1598

1599 % Display a message or update UI components if needed

1600 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1601 end

1602

1603 % Button pushed function: Button_59

1604 function Button_59Pushed(app, event)

1605 % Check if memtable_test exists in the base workspace

1606 if ˜evalin('base', 'exist(''memtable_test'', ''var'')')

1607 % Display an error message or handle accordingly

1608 app.ResultTextArea.Value = 'Error: memtable_test not found. Run

making_test_file first.';↪→

1609 return;

1610 end

1611

1612 % Get memtable_test from the base workspace

1613 memtable_test = evalin('base', 'memtable_test');

1614

1615 % Call diagnosticFeatures function

1616 [featureTable, outputTable] =app2.diagnosticFeatures(memtable_test);

1617

1618 % Display a message or update UI components if needed

1619 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1620

1621 % Save the featureTable and outputTable in the base MATLAB workspace

1622 assignin('base', 'featureTable', featureTable);

1623 assignin('base', 'outputTable', outputTable);

1624

1625 % Display a message or update UI components if needed

1626 app.ResultTextArea.Value = 'Diagnostic Features Executed Successfully!';

1627 end

1628

1629 % Button pushed function: Button_63

1630 function Button_63Pushed(app, event)

1631

1632 % Check if featureTable exists in the base workspace

1633 if ˜evalin('base', 'exist(''featureTable'', ''var'')')

1634 % Display an error message or handle accordingly

1635 app.ResultTextArea.Value = 'Error: featureTable not found. Run

RunFile2Button first.';↪→

1636 return;

1637 end

1638

1639 % Get featureTable from the base workspace

1640 featureTable = evalin('base', 'featureTable');

1641

1642 % Call predictFunction and get the result

1643 result =predictFunction(featureTable);

1644

1645 % Display the result in the TextArea

1646 app.ResultTextArea.Value = ['Prediction Result: ' mat2str(result)];

1647

1648 switch result

1649 case 4

1650 app.ResultTextArea.Value = 'Prediction Result: Compound Fault';

1651 case 3

1652 app.ResultTextArea.Value = 'Prediction Result: Ball Fault';

1653 case 2

1654 app.ResultTextArea.Value = 'Prediction Result: Inner Race Fault';

1655 case 1

1656 app.ResultTextArea.Value = 'Prediction Result: Outer Race Fault';

1657 case 0

1658 app.ResultTextArea.Value = 'Prediction Result: Healthy';

1659 otherwise

1660 app.ResultTextArea.Value = 'Unknown Prediction Result';

1661 end

1662

1663

1664 function result = predictFunction(featureTable)

1665 %#function fitctree

1666 % result = predictFunction(varargin) returns prediction results using the model

trained in Classification Learner R2021b↪→

1667 %

1668 % Input:

1669 % varargin: Input argument must be a table, whose 10 columns have the same variable

names and data types as the variables that trained the deployed model.↪→

1670 % Output:

1671 % result: Prediction results returned by the trained, deployed model

1672

1673 % Auto-generated by MATLAB on 26-Jan-2024 12:02:19

1674

1675 inputData = featureTable;

1676

1677 predictorNames = {'Data_sigstats/ClearanceFactor', 'Data_sigstats/CrestFactor',

'Data_sigstats/ImpulseFactor', 'Data_sigstats/Kurtosis', 'Data_sigstats/Mean',

'Data_sigstats/PeakValue',

'Data_sigstats/RMS','Data_sigstats/ShapeFactor','Data_sigstats/Skewness','Data_sigstats/Std'};

↪→

↪→

↪→

1678

1679 if istable(inputData)

1680 T = inputData;

1681 verifyTableInput(T, predictorNames);

1682 elseif isstruct(inputData)

1683 T = struct2table(inputData);

1684 verifyTableInput(T, predictorNames);

1685 else

1686 error('stats:mlearnapp:DeployedModelError', 'Input argument must be a table or

structure that can be converted to a table using the struct2table function.');↪→

1687 end

1688

1689 % Uncomment the following lines of code if you used preprocessing

1690 % steps before importing data into Classification Learner. Add the

1691 % preprocessing steps to the processInputData.m file in the

1692 % ClassificationLearnerDeployedModel_resources folder.

1693

1694 % processedData = processInputData(T);

1695 % T = processedData;

1696

1697 fileData = load('KNN_X.mat');

1698 model = fileData.trainedModel;

1699 result = model.predictFcn(T);

1700

1701 end

1702

1703 function verifyTableInput(T, predictorNames)

1704 isPredictorsInTable = ismember(predictorNames, T.Properties.VariableNames);

1705 if ˜all(isPredictorsInTable)

1706 error('stats:mlearnapp:DeployedModelError', 'Input argument is missing the following

%d required predictor columns: %s', sum(˜isPredictorsInTable),

strjoin(predictorNames(˜isPredictorsInTable), ', '));

↪→

↪→

1707 end

1708 end

1709 end

1710 end

1711 % Static method for diagnosticFeatures

1712 methods (Static , Access = private)

1713 function [featureTable, outputTable] = diagnosticFeatures2(memtable_test)

1714 % Create output ensemble.

1715 outputEnsemble = workspaceEnsemble(memtable_test, 'DataVariables', "Data");

1716

1717 % Reset the ensemble to read from the beginning of the ensemble.

1718 reset(outputEnsemble);

1719

1720 % Append new signal or feature names to DataVariables.

1721 outputEnsemble.DataVariables = unique([outputEnsemble.DataVariables;

"Data_sigstats"], 'stable');↪→

1722

1723 % Set SelectedVariables to select variables to read from the ensemble.

1724 outputEnsemble.SelectedVariables = "Data";

1725

1726 % Loop through all ensemble members to read and write data.

1727 while hasdata(outputEnsemble)

1728 % Read one member.

1729 member = read(outputEnsemble);

1730

1731 % Get all input variables.

1732 Data = readMemberData(member, "Data");

1733 iv = (0:1:(height(Data) - 1) * 1)';

1734 Data.Sample = iv;

1735

1736 % Initialize a table to store results.

1737 memberResult = table;

1738

1739 %% SignalFeatures

1740 try

1741 % Compute signal features.

1742 inputSignal = Data.X;

1743 ClearanceFactor = max(abs(inputSignal)) / (mean(sqrt(abs(inputSignal)))

ˆ 2);↪→

1744 CrestFactor = peak2rms(inputSignal);

1745 ImpulseFactor = max(abs(inputSignal)) / mean(abs(inputSignal));

1746 Kurtosis = kurtosis(inputSignal);

1747 Mean = mean(inputSignal, 'omitnan');

1748 PeakValue = max(abs(inputSignal));

1749 RMS = rms(inputSignal, 'omitnan');

1750 ShapeFactor = rms(inputSignal, 'omitnan') / mean(abs(inputSignal),

'omitnan');↪→

1751 Skewness = skewness(inputSignal);

1752 Std = std(inputSignal, 'omitnan');

1753

1754 % Concatenate signal features.

1755 featureValues = [ClearanceFactor, CrestFactor, ImpulseFactor, Kurtosis,

Mean, PeakValue, RMS, ShapeFactor, Skewness, Std];↪→

1756

1757 % Package computed features into a table.

1758 featureNames = ["ClearanceFactor", "CrestFactor", "ImpulseFactor",

"Kurtosis", "Mean", "PeakValue", "RMS", "ShapeFactor", "Skewness",

"Std"];

↪→

↪→

1759 Data_sigstats = array2table(featureValues, 'VariableNames',

featureNames);↪→

1760 catch

1761 % Package computed features into a table.

1762 featureValues = NaN(1, 10);

1763 featureNames = ["ClearanceFactor", "CrestFactor", "ImpulseFactor",

"Kurtosis", "Mean", "PeakValue", "RMS", "ShapeFactor", "Skewness",

"Std"];

↪→

↪→

1764 Data_sigstats = array2table(featureValues, 'VariableNames',

featureNames);↪→

1765 end

1766

1767 % Append computed results to the member table.

1768 memberResult = [memberResult, ...

1769 table({Data_sigstats}, 'VariableNames', "Data_sigstats")]; %#ok<AGROW>

1770

1771 %% Write all the results for the current member to the ensemble.

1772 writeToLastMemberRead(outputEnsemble, memberResult)

1773 end

1774

1775 % Gather all features into a table.

1776 featureTable = readFeatureTable(outputEnsemble);

1777

1778 % Set SelectedVariables to select variables to read from the ensemble.

1779 outputEnsemble.SelectedVariables = unique([outputEnsemble.DataVariables;

outputEnsemble.ConditionVariables; outputEnsemble.IndependentVariables],

'stable');

↪→

↪→

1780

1781 % Gather results into a table.

1782 outputTable = readall(outputEnsemble);

1783 end

1784

1785 % Button pushed function: Button_21

1786 function Button_21Pushed(app, event)

1787 % Check if featureTable exists in the base workspace

1788 if ˜evalin('base', 'exist(''featureTable'', ''var'')')

1789 % Display an error message or handle accordingly

1790 app.ResultTextArea.Value = 'Error: featureTable not found. Run

RunFile2Button first.';↪→

1791 return;

1792 end

1793

1794 % Get featureTable from the base workspace

1795 featureTable = evalin('base', 'featureTable');

1796

1797 % Call predictFunction and get the result

1798 result =predictFunction(featureTable);

1799

1800 % Display the result in the TextArea

1801 app.ResultTextArea.Value = ['Prediction Result: ' mat2str(result)];

1802

1803 switch result

1804 case 4

1805 app.ResultTextArea.Value = 'Prediction Result: Compound Fault';

1806 case 3

1807 app.ResultTextArea.Value = 'Prediction Result: Ball Fault';

1808 case 2

1809 app.ResultTextArea.Value = 'Prediction Result: Inner Race Fault';

1810 case 1

1811 app.ResultTextArea.Value = 'Prediction Result: Outer Race Fault';

1812 case 0

1813 app.ResultTextArea.Value = 'Prediction Result: Healthy';

1814 otherwise

1815 app.ResultTextArea.Value = 'Unknown Prediction Result';

1816 end

1817

1818

1819 function result = predictFunction(featureTable)

1820 %#function fitctree

1821 % result = predictFunction(varargin) returns prediction results using the model

trained in Classification Learner R2021b↪→

1822 %

1823 % Input:

1824 % varargin: Input argument must be a table, whose 10 columns have the same variable

names and data types as the variables that trained the deployed model.↪→

1825 % Output:

1826 % result: Prediction results returned by the trained, deployed model

1827

1828 % Auto-generated by MATLAB on 26-Jan-2024 12:02:19

1829

1830 inputData = featureTable;

1831

1832 predictorNames = {'Data_sigstats/ClearanceFactor', 'Data_sigstats/CrestFactor',

'Data_sigstats/ImpulseFactor', 'Data_sigstats/Kurtosis', 'Data_sigstats/Mean',

'Data_sigstats/PeakValue',

'Data_sigstats/RMS','Data_sigstats/ShapeFactor','Data_sigstats/Skewness','Data_sigstats/Std'};

↪→

↪→

↪→

1833

1834 if istable(inputData)

1835 T = inputData;

1836 verifyTableInput(T, predictorNames);

1837 elseif isstruct(inputData)

1838 T = struct2table(inputData);

1839 verifyTableInput(T, predictorNames);

1840 else

1841 error('stats:mlearnapp:DeployedModelError', 'Input argument must be a table or

structure that can be converted to a table using the struct2table function.');↪→

1842 end

1843

1844 % Uncomment the following lines of code if you used preprocessing

1845 % steps before importing data into Classification Learner. Add the

1846 % preprocessing steps to the processInputData.m file in the

1847 % ClassificationLearnerDeployedModel_resources folder.

1848

1849 % processedData = processInputData(T);

1850 % T = processedData;

1851

1852 fileData = load('Ensemble_X.mat');

1853 model = fileData.trainedModel;

1854 result = model.predictFcn(T);

1855

1856 end

1857

1858 function verifyTableInput(T, predictorNames)

1859 isPredictorsInTable = ismember(predictorNames, T.Properties.VariableNames);

1860 if ˜all(isPredictorsInTable)

1861 error('stats:mlearnapp:DeployedModelError', 'Input argument is missing the following

%d required predictor columns: %s', sum(˜isPredictorsInTable),

strjoin(predictorNames(˜isPredictorsInTable), ', '));

↪→

↪→

1862 end

1863 end

1864 end

1865 end

1866 % Static method for diagnosticFeatures

1867 methods (Static , Access = private)

1868 function [featureTable, outputTable] = diagnosticFeatures3(memtable_test)

1869 % Create output ensemble.

1870 outputEnsemble = workspaceEnsemble(memtable_test, 'DataVariables', "Data");

1871

1872 % Reset the ensemble to read from the beginning of the ensemble.

1873 reset(outputEnsemble);

1874

1875 % Append new signal or feature names to DataVariables.

1876 outputEnsemble.DataVariables = unique([outputEnsemble.DataVariables;

"Data_sigstats"], 'stable');↪→

1877

1878 % Set SelectedVariables to select variables to read from the ensemble.

1879 outputEnsemble.SelectedVariables = "Data";

1880

1881 % Loop through all ensemble members to read and write data.

1882 while hasdata(outputEnsemble)

1883 % Read one member.

1884 member = read(outputEnsemble);

1885

1886 % Get all input variables.

1887 Data = readMemberData(member, "Data");

1888 iv = (0:1:(height(Data) - 1) * 1)';

1889 Data.Sample = iv;

1890

1891 % Initialize a table to store results.

1892 memberResult = table;

1893

1894 %% SignalFeatures

1895 try

1896 % Compute signal features.

1897 inputSignal = Data.X;

1898 ClearanceFactor = max(abs(inputSignal)) / (mean(sqrt(abs(inputSignal)))

ˆ 2);↪→

1899 CrestFactor = peak2rms(inputSignal);

1900 ImpulseFactor = max(abs(inputSignal)) / mean(abs(inputSignal));

1901 Kurtosis = kurtosis(inputSignal);

1902 Mean = mean(inputSignal, 'omitnan');

1903 PeakValue = max(abs(inputSignal));

1904 RMS = rms(inputSignal, 'omitnan');

1905 ShapeFactor = rms(inputSignal, 'omitnan') / mean(abs(inputSignal),

'omitnan');↪→

1906 Skewness = skewness(inputSignal);

1907 Std = std(inputSignal, 'omitnan');

1908

1909 % Concatenate signal features.

1910 featureValues = [ClearanceFactor, CrestFactor, ImpulseFactor, Kurtosis,

Mean, PeakValue, RMS, ShapeFactor, Skewness, Std];↪→

1911

1912 % Package computed features into a table.

1913 featureNames = ["ClearanceFactor", "CrestFactor", "ImpulseFactor",

"Kurtosis", "Mean", "PeakValue", "RMS", "ShapeFactor", "Skewness",

"Std"];

↪→

↪→

1914 Data_sigstats = array2table(featureValues, 'VariableNames',

featureNames);↪→

1915 catch

1916 % Package computed features into a table.

1917 featureValues = NaN(1, 10);

1918 featureNames = ["ClearanceFactor", "CrestFactor", "ImpulseFactor",

"Kurtosis", "Mean", "PeakValue", "RMS", "ShapeFactor", "Skewness",

"Std"];

↪→

↪→

1919 Data_sigstats = array2table(featureValues, 'VariableNames',

featureNames);↪→

1920 end

1921

1922 % Append computed results to the member table.

1923 memberResult = [memberResult, ...

1924 table({Data_sigstats}, 'VariableNames', "Data_sigstats")]; %#ok<AGROW>

1925

1926 %% Write all the results for the current member to the ensemble.

1927 writeToLastMemberRead(outputEnsemble, memberResult)

1928 end

1929

1930 % Gather all features into a table.

1931 featureTable = readFeatureTable(outputEnsemble);

1932

1933 % Set SelectedVariables to select variables to read from the ensemble.

1934 outputEnsemble.SelectedVariables = unique([outputEnsemble.DataVariables;

outputEnsemble.ConditionVariables; outputEnsemble.IndependentVariables],

'stable');

↪→

↪→

1935

1936 % Gather results into a table.

1937 outputTable = readall(outputEnsemble);

1938

1939 end

1940

1941 % Button pushed function: Button_24

1942 function Button_24Pushed(app, event)

1943 % Check if featureTable exists in the base workspace

1944 if ˜evalin('base', 'exist(''featureTable'', ''var'')')

1945 % Display an error message or handle accordingly

1946 app.ResultTextArea.Value = 'Error: featureTable not found. Run

RunFile2Button first.';↪→

1947 return;

1948 end

1949

1950 % Get featureTable from the base workspace

1951 featureTable = evalin('base', 'featureTable');

1952

1953 % Call predictFunction and get the result

1954 result =predictFunction(featureTable);

1955

1956 % Display the result in the TextArea

1957 app.ResultTextArea.Value = ['Prediction Result: ' mat2str(result)];

1958

1959 switch result

1960 case 4

1961 app.ResultTextArea.Value = 'Prediction Result: Compound Fault';

1962 case 3

1963 app.ResultTextArea.Value = 'Prediction Result: Ball Fault';

1964 case 2

1965 app.ResultTextArea.Value = 'Prediction Result: Inner Race Fault';

1966 case 1

1967 app.ResultTextArea.Value = 'Prediction Result: Outer Race Fault';

1968 case 0

1969 app.ResultTextArea.Value = 'Prediction Result: Healthy';

1970 otherwise

1971 app.ResultTextArea.Value = 'Unknown Prediction Result';

1972 end

1973

1974

1975 function result = predictFunction(featureTable)

1976 %#function fitctree

1977 % result = predictFunction(varargin) returns prediction results using the model

trained in Classification Learner R2021b↪→

1978 %

1979 % Input:

1980 % varargin: Input argument must be a table, whose 10 columns have the same variable

names and data types as the variables that trained the deployed model.↪→

1981 % Output:

1982 % result: Prediction results returned by the trained, deployed model

1983

1984 % Auto-generated by MATLAB on 26-Jan-2024 12:02:19

1985

1986 inputData = featureTable;

1987

1988 predictorNames = {'Data_sigstats/ClearanceFactor', 'Data_sigstats/CrestFactor',

'Data_sigstats/ImpulseFactor', 'Data_sigstats/Kurtosis', 'Data_sigstats/Mean',

'Data_sigstats/PeakValue',

'Data_sigstats/RMS','Data_sigstats/ShapeFactor','Data_sigstats/Skewness','Data_sigstats/Std'};

↪→

↪→

↪→

1989

1990 if istable(inputData)

1991 T = inputData;

1992 verifyTableInput(T, predictorNames);

1993 elseif isstruct(inputData)

1994 T = struct2table(inputData);

1995 verifyTableInput(T, predictorNames);

1996 else

1997 error('stats:mlearnapp:DeployedModelError', 'Input argument must be a table or

structure that can be converted to a table using the struct2table function.');↪→

1998 end

1999

2000 % Uncomment the following lines of code if you used preprocessing

2001 % steps before importing data into Classification Learner. Add the

2002 % preprocessing steps to the processInputData.m file in the

2003 % ClassificationLearnerDeployedModel_resources folder.

2004

2005 % processedData = processInputData(T);

2006 % T = processedData;

2007

2008 fileData = load('Neural_X.mat');

2009 model = fileData.trainedModel;

2010 result = model.predictFcn(T);

2011

2012 end

2013

2014 function verifyTableInput(T, predictorNames)

2015 isPredictorsInTable = ismember(predictorNames, T.Properties.VariableNames);

2016 if ˜all(isPredictorsInTable)

2017 error('stats:mlearnapp:DeployedModelError', 'Input argument is missing the following

%d required predictor columns: %s', sum(˜isPredictorsInTable),

strjoin(predictorNames(˜isPredictorsInTable), ', '));

↪→

↪→

2018 end

2019 end

2020 end

2021 end

2022 % Static method for diagnosticFeatures

2023 methods (Static , Access = private)

2024 function [featureTable, outputTable] = diagnosticFeatures4(memtable_test)

2025 % Create output ensemble.

2026 outputEnsemble = workspaceEnsemble(memtable_test, 'DataVariables', "Data");

2027

2028 % Reset the ensemble to read from the beginning of the ensemble.

2029 reset(outputEnsemble);

2030

2031 % Append new signal or feature names to DataVariables.

2032 outputEnsemble.DataVariables = unique([outputEnsemble.DataVariables;

"Data_sigstats"], 'stable');↪→

2033

2034 % Set SelectedVariables to select variables to read from the ensemble.

2035 outputEnsemble.SelectedVariables = "Data";

2036

2037 % Loop through all ensemble members to read and write data.

2038 while hasdata(outputEnsemble)

2039 % Read one member.

2040 member = read(outputEnsemble);

2041

2042 % Get all input variables.

2043 Data = readMemberData(member, "Data");

2044 iv = (0:1:(height(Data) - 1) * 1)';

2045 Data.Sample = iv;

2046

2047 % Initialize a table to store results.

2048 memberResult = table;

2049

2050 %% SignalFeatures

2051 try

2052 % Compute signal features.

2053 inputSignal = Data.X;

2054 ClearanceFactor = max(abs(inputSignal)) / (mean(sqrt(abs(inputSignal)))

ˆ 2);↪→

2055 CrestFactor = peak2rms(inputSignal);

2056 ImpulseFactor = max(abs(inputSignal)) / mean(abs(inputSignal));

2057 Kurtosis = kurtosis(inputSignal);

2058 Mean = mean(inputSignal, 'omitnan');

2059 PeakValue = max(abs(inputSignal));

2060 RMS = rms(inputSignal, 'omitnan');

2061 ShapeFactor = rms(inputSignal, 'omitnan') / mean(abs(inputSignal),

'omitnan');↪→

2062 Skewness = skewness(inputSignal);

2063 Std = std(inputSignal, 'omitnan');

2064

2065 % Concatenate signal features.

2066 featureValues = [ClearanceFactor, CrestFactor, ImpulseFactor, Kurtosis,

Mean, PeakValue, RMS, ShapeFactor, Skewness, Std];↪→

2067

2068 % Package computed features into a table.

2069 featureNames = ["ClearanceFactor", "CrestFactor", "ImpulseFactor",

"Kurtosis", "Mean", "PeakValue", "RMS", "ShapeFactor", "Skewness",

"Std"];

↪→

↪→

2070 Data_sigstats = array2table(featureValues, 'VariableNames',

featureNames);↪→

2071 catch

2072 % Package computed features into a table.

2073 featureValues = NaN(1, 10);

2074 featureNames = ["ClearanceFactor", "CrestFactor", "ImpulseFactor",

"Kurtosis", "Mean", "PeakValue", "RMS", "ShapeFactor", "Skewness",

"Std"];

↪→

↪→

2075 Data_sigstats = array2table(featureValues, 'VariableNames',

featureNames);↪→

2076 end

2077

2078 % Append computed results to the member table.

2079 memberResult = [memberResult, ...

2080 table({Data_sigstats}, 'VariableNames', "Data_sigstats")]; %#ok<AGROW>

2081

2082 %% Write all the results for the current member to the ensemble.

2083 writeToLastMemberRead(outputEnsemble, memberResult)

2084 end

2085

2086 % Gather all features into a table.

2087 featureTable = readFeatureTable(outputEnsemble);

2088

2089 % Set SelectedVariables to select variables to read from the ensemble.

2090 outputEnsemble.SelectedVariables = unique([outputEnsemble.DataVariables;

outputEnsemble.ConditionVariables; outputEnsemble.IndependentVariables],

'stable');

↪→

↪→

2091

2092 % Gather results into a table.

2093 outputTable = readall(outputEnsemble);

2094 end

2095 end

2096

2097 % Component initialization

2098 methods (Access = private)

2099

2100 % Create UIFigure and components

2101 function createComponents(app)

2102

2103 % Create FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure and hide until

all components are created↪→

2104 app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure =

uifigure('Visible', 'off');↪→

2105 app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure.Position = [100 100

793 584];↪→

2106 app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure.Name = 'Fault

Diagnostic of Induction Motor by Ahsan Ullah';↪→

2107 app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure.Resize = 'off';

2108

2109 % Create FaultDiagnosticofInductionMotorLabel

2110 app.FaultDiagnosticofInductionMotorLabel =

uilabel(app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure);↪→

2111 app.FaultDiagnosticofInductionMotorLabel.BackgroundColor = [0.902 0.902

0.902];↪→

2112 app.FaultDiagnosticofInductionMotorLabel.HorizontalAlignment = 'center';

2113 app.FaultDiagnosticofInductionMotorLabel.FontName = 'Arial';

2114 app.FaultDiagnosticofInductionMotorLabel.FontSize = 18;

2115 app.FaultDiagnosticofInductionMotorLabel.FontWeight = 'bold';

2116 app.FaultDiagnosticofInductionMotorLabel.Position = [146 506 537 68];

2117 app.FaultDiagnosticofInductionMotorLabel.Text = {'Application of Machine

Learning Algorithms in Fault '; 'Diagnosis of Induction Motor Using ';

'Vibration Signature'; ''};

↪→

↪→

2118

2119 % Create Image2

2120 app.Image2 =

uiimage(app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure);↪→

2121 app.Image2.Position = [10 494 92 91];

2122 app.Image2.ImageSource = 'cae.png';

2123

2124 % Create TabGroup3

2125 app.TabGroup3 =

uitabgroup(app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure);↪→

2126 app.TabGroup3.Position = [1 5 790 482];

2127

2128 % Create XTab

2129 app.XTab = uitab(app.TabGroup3);

2130 app.XTab.Title = 'X';

2131

2132 % Create TabGroup

2133 app.TabGroup = uitabgroup(app.XTab);

2134 app.TabGroup.Position = [1 -9 789 467];

2135

2136 % Create TimeDomainTab

2137 app.TimeDomainTab = uitab(app.TabGroup);

2138 app.TimeDomainTab.Title = 'Time Domain';

2139

2140 % Create TabGroup2

2141 app.TabGroup2 = uitabgroup(app.TimeDomainTab);

2142 app.TabGroup2.Position = [1 9 787 433];

2143

2144 % Create SVMTab

2145 app.SVMTab = uitab(app.TabGroup2);

2146 app.SVMTab.Title = 'SVM';

2147

2148 % Create Button

2149 app.Button = uibutton(app.SVMTab, 'push');

2150 app.Button.ButtonPushedFcn = createCallbackFcn(app, @ButtonPushed, true);

2151 app.Button.Icon = 'import.png';

2152 app.Button.BackgroundColor = [1 1 1];

2153 app.Button.FontName = 'Arial';

2154 app.Button.FontWeight = 'bold';

2155 app.Button.FontColor = [1 1 1];

2156 app.Button.Position = [38 53 46 45];

2157 app.Button.Text = '';

2158

2159 % Create ImportfileLabel

2160 app.ImportfileLabel = uilabel(app.SVMTab);

2161 app.ImportfileLabel.HorizontalAlignment = 'center';

2162 app.ImportfileLabel.FontName = 'Arial';

2163 app.ImportfileLabel.FontSize = 11;

2164 app.ImportfileLabel.FontWeight = 'bold';

2165 app.ImportfileLabel.Position = [33 26 62 22];

2166 app.ImportfileLabel.Text = 'Import file';

2167

2168 % Create Button_2

2169 app.Button_2 = uibutton(app.SVMTab, 'push');

2170 app.Button_2.ButtonPushedFcn = createCallbackFcn(app, @RunFile2ButtonPushed,

true);↪→

2171 app.Button_2.Icon = '4.png';

2172 app.Button_2.BackgroundColor = [1 1 1];

2173 app.Button_2.FontName = 'Arial';

2174 app.Button_2.FontWeight = 'bold';

2175 app.Button_2.Position = [119 53 43 45];

2176 app.Button_2.Text = '';

2177

2178 % Create FeatureExtractionLabel

2179 app.FeatureExtractionLabel = uilabel(app.SVMTab);

2180 app.FeatureExtractionLabel.HorizontalAlignment = 'center';

2181 app.FeatureExtractionLabel.FontName = 'Arial';

2182 app.FeatureExtractionLabel.FontSize = 11;

2183 app.FeatureExtractionLabel.FontWeight = 'bold';

2184 app.FeatureExtractionLabel.Position = [111 23 62 28];

2185 app.FeatureExtractionLabel.Text = {'Feature'; ' Extraction'};

2186

2187 % Create Button_3

2188 app.Button_3 = uibutton(app.SVMTab, 'push');

2189 app.Button_3.ButtonPushedFcn = createCallbackFcn(app, @Button_3Pushed,

true);↪→

2190 app.Button_3.Icon = '7.png';

2191 app.Button_3.BackgroundColor = [1 1 1];

2192 app.Button_3.FontName = 'Arial';

2193 app.Button_3.FontWeight = 'bold';

2194 app.Button_3.Position = [197 50 61 45];

2195 app.Button_3.Text = '';

2196

2197 % Create PredictionLabel

2198 app.PredictionLabel = uilabel(app.SVMTab);

2199 app.PredictionLabel.HorizontalAlignment = 'center';

2200 app.PredictionLabel.FontName = 'Arial';

2201 app.PredictionLabel.FontSize = 11;

2202 app.PredictionLabel.FontWeight = 'bold';

2203 app.PredictionLabel.Position = [198 23 61 22];

2204 app.PredictionLabel.Text = 'Prediction';

2205

2206 % Create Image

2207 app.Image = uiimage(app.SVMTab);

2208 app.Image.ScaleMethod = 'stretch';

2209 app.Image.Position = [478 138 214 176];

2210 app.Image.ImageSource = '11.PNG';

2211

2212 % Create ResultTextAreaLabel

2213 app.ResultTextAreaLabel = uilabel(app.SVMTab);

2214 app.ResultTextAreaLabel.BackgroundColor = [1 1 1];

2215 app.ResultTextAreaLabel.HorizontalAlignment = 'center';

2216 app.ResultTextAreaLabel.FontName = 'Arial';

2217 app.ResultTextAreaLabel.FontWeight = 'bold';

2218 app.ResultTextAreaLabel.Position = [569 84 41 22];

2219 app.ResultTextAreaLabel.Text = 'Result';

2220

2221 % Create ResultTextArea

2222 app.ResultTextArea = uitextarea(app.SVMTab);

2223 app.ResultTextArea.ValueChangedFcn = createCallbackFcn(app,

@RunFile2ButtonPushed, true);↪→

2224 app.ResultTextArea.HorizontalAlignment = 'center';

2225 app.ResultTextArea.FontName = 'Arial';

2226 app.ResultTextArea.FontWeight = 'bold';

2227 app.ResultTextArea.Position = [461 15 245 62];

2228

2229 % Create SVMbasedModelLabel

2230 app.SVMbasedModelLabel = uilabel(app.SVMTab);

2231 app.SVMbasedModelLabel.BackgroundColor = [0.8 0.8 0.8];

2232 app.SVMbasedModelLabel.HorizontalAlignment = 'center';

2233 app.SVMbasedModelLabel.FontName = 'Arial';

2234 app.SVMbasedModelLabel.FontWeight = 'bold';

2235 app.SVMbasedModelLabel.Position = [32 354 220 27];

2236 app.SVMbasedModelLabel.Text = 'SVM based Model';

2237

2238 % Create KNNTab

2239 app.KNNTab = uitab(app.TabGroup2);

2240 app.KNNTab.Title = 'KNN';

2241

2242 % Create Button_61

2243 app.Button_61 = uibutton(app.KNNTab, 'push');

2244 app.Button_61.ButtonPushedFcn = createCallbackFcn(app, @Button_61Pushed,

true);↪→

2245 app.Button_61.Icon = 'import.png';

2246 app.Button_61.BackgroundColor = [1 1 1];

2247 app.Button_61.FontName = 'Arial';

2248 app.Button_61.FontWeight = 'bold';

2249 app.Button_61.FontColor = [1 1 1];

2250 app.Button_61.Position = [38 53 46 45];

2251 app.Button_61.Text = '';

2252

2253 % Create ImportfileLabel_21

2254 app.ImportfileLabel_21 = uilabel(app.KNNTab);

2255 app.ImportfileLabel_21.HorizontalAlignment = 'center';

2256 app.ImportfileLabel_21.FontName = 'Arial';

2257 app.ImportfileLabel_21.FontSize = 11;

2258 app.ImportfileLabel_21.FontWeight = 'bold';

2259 app.ImportfileLabel_21.Position = [33 26 62 22];

2260 app.ImportfileLabel_21.Text = 'Import file';

2261

2262 % Create Button_62

2263 app.Button_62 = uibutton(app.KNNTab, 'push');

2264 app.Button_62.ButtonPushedFcn = createCallbackFcn(app, @Button_62Pushed,

true);↪→

2265 app.Button_62.Icon = '4.png';

2266 app.Button_62.BackgroundColor = [1 1 1];

2267 app.Button_62.FontName = 'Arial';

2268 app.Button_62.FontWeight = 'bold';

2269 app.Button_62.Position = [119 53 43 45];

2270 app.Button_62.Text = '';

2271

2272 % Create FeatureExtractionLabel_21

2273 app.FeatureExtractionLabel_21 = uilabel(app.KNNTab);

2274 app.FeatureExtractionLabel_21.HorizontalAlignment = 'center';

2275 app.FeatureExtractionLabel_21.FontName = 'Arial';

2276 app.FeatureExtractionLabel_21.FontSize = 11;

2277 app.FeatureExtractionLabel_21.FontWeight = 'bold';

2278 app.FeatureExtractionLabel_21.Position = [111 23 62 28];

2279 app.FeatureExtractionLabel_21.Text = {'Feature'; ' Extraction'};

2280

2281 % Create Button_63

2282 app.Button_63 = uibutton(app.KNNTab, 'push');

2283 app.Button_63.ButtonPushedFcn = createCallbackFcn(app, @Button_63Pushed,

true);↪→

2284 app.Button_63.Icon = '7.png';

2285 app.Button_63.BackgroundColor = [1 1 1];

2286 app.Button_63.FontName = 'Arial';

2287 app.Button_63.FontWeight = 'bold';

2288 app.Button_63.Position = [197 50 61 45];

2289 app.Button_63.Text = '';

2290

2291 % Create PredictionLabel_21

2292 app.PredictionLabel_21 = uilabel(app.KNNTab);

2293 app.PredictionLabel_21.HorizontalAlignment = 'center';

2294 app.PredictionLabel_21.FontName = 'Arial';

2295 app.PredictionLabel_21.FontSize = 11;

2296 app.PredictionLabel_21.FontWeight = 'bold';

2297 app.PredictionLabel_21.Position = [198 23 61 22];

2298 app.PredictionLabel_21.Text = 'Prediction';

2299

2300 % Create Image_21

2301 app.Image_21 = uiimage(app.KNNTab);

2302 app.Image_21.ScaleMethod = 'stretch';

2303 app.Image_21.Position = [478 138 214 176];

2304 app.Image_21.ImageSource = '11.PNG';

2305

2306 % Create ResultTextArea_21Label

2307 app.ResultTextArea_21Label = uilabel(app.KNNTab);

2308 app.ResultTextArea_21Label.BackgroundColor = [1 1 1];

2309 app.ResultTextArea_21Label.HorizontalAlignment = 'center';

2310 app.ResultTextArea_21Label.FontName = 'Arial';

2311 app.ResultTextArea_21Label.FontWeight = 'bold';

2312 app.ResultTextArea_21Label.Position = [569 84 41 22];

2313 app.ResultTextArea_21Label.Text = 'Result';

2314

2315 % Create ResultTextArea_21

2316 app.ResultTextArea_21 = uitextarea(app.KNNTab);

2317 app.ResultTextArea_21.HorizontalAlignment = 'center';

2318 app.ResultTextArea_21.FontName = 'Arial';

2319 app.ResultTextArea_21.FontWeight = 'bold';

2320 app.ResultTextArea_21.Position = [461 15 245 62];

2321

2322 % Create KNNbasedModelLabel

2323 app.KNNbasedModelLabel = uilabel(app.KNNTab);

2324 app.KNNbasedModelLabel.BackgroundColor = [0.8 0.8 0.8];

2325 app.KNNbasedModelLabel.HorizontalAlignment = 'center';

2326 app.KNNbasedModelLabel.FontName = 'Arial';

2327 app.KNNbasedModelLabel.FontWeight = 'bold';

2328 app.KNNbasedModelLabel.Position = [31 343 220 27];

2329 app.KNNbasedModelLabel.Text = 'KNN based Model';

2330

2331 % Create EnsembleTab

2332 app.EnsembleTab = uitab(app.TabGroup2);

2333 app.EnsembleTab.Title = 'Ensemble';

2334

2335 % Create Button_19

2336 app.Button_19 = uibutton(app.EnsembleTab, 'push');

2337 app.Button_19.ButtonPushedFcn = createCallbackFcn(app, @Button_19Pushed,

true);↪→

2338 app.Button_19.Icon = 'import.png';

2339 app.Button_19.BackgroundColor = [1 1 1];

2340 app.Button_19.FontName = 'Arial';

2341 app.Button_19.FontWeight = 'bold';

2342 app.Button_19.FontColor = [1 1 1];

2343 app.Button_19.Position = [38 53 46 45];

2344 app.Button_19.Text = '';

2345

2346 % Create ImportfileLabel_7

2347 app.ImportfileLabel_7 = uilabel(app.EnsembleTab);

2348 app.ImportfileLabel_7.HorizontalAlignment = 'center';

2349 app.ImportfileLabel_7.FontName = 'Arial';

2350 app.ImportfileLabel_7.FontSize = 11;

2351 app.ImportfileLabel_7.FontWeight = 'bold';

2352 app.ImportfileLabel_7.Position = [33 26 62 22];

2353 app.ImportfileLabel_7.Text = 'Import file';

2354

2355 % Create Button_20

2356 app.Button_20 = uibutton(app.EnsembleTab, 'push');

2357 app.Button_20.ButtonPushedFcn = createCallbackFcn(app, @Button_20Pushed,

true);↪→

2358 app.Button_20.Icon = '4.png';

2359 app.Button_20.BackgroundColor = [1 1 1];

2360 app.Button_20.FontName = 'Arial';

2361 app.Button_20.FontWeight = 'bold';

2362 app.Button_20.Position = [119 53 43 45];

2363 app.Button_20.Text = '';

2364

2365 % Create FeatureExtractionLabel_7

2366 app.FeatureExtractionLabel_7 = uilabel(app.EnsembleTab);

2367 app.FeatureExtractionLabel_7.HorizontalAlignment = 'center';

2368 app.FeatureExtractionLabel_7.FontName = 'Arial';

2369 app.FeatureExtractionLabel_7.FontSize = 11;

2370 app.FeatureExtractionLabel_7.FontWeight = 'bold';

2371 app.FeatureExtractionLabel_7.Position = [111 23 62 28];

2372 app.FeatureExtractionLabel_7.Text = {'Feature'; ' Extraction'};

2373

2374 % Create Button_21

2375 app.Button_21 = uibutton(app.EnsembleTab, 'push');

2376 app.Button_21.ButtonPushedFcn = createCallbackFcn(app, @Button_21Pushed,

true);↪→

2377 app.Button_21.Icon = '7.png';

2378 app.Button_21.BackgroundColor = [1 1 1];

2379 app.Button_21.FontName = 'Arial';

2380 app.Button_21.FontWeight = 'bold';

2381 app.Button_21.Position = [197 50 61 45];

2382 app.Button_21.Text = '';

2383

2384 % Create PredictionLabel_7

2385 app.PredictionLabel_7 = uilabel(app.EnsembleTab);

2386 app.PredictionLabel_7.HorizontalAlignment = 'center';

2387 app.PredictionLabel_7.FontName = 'Arial';

2388 app.PredictionLabel_7.FontSize = 11;

2389 app.PredictionLabel_7.FontWeight = 'bold';

2390 app.PredictionLabel_7.Position = [198 23 61 22];

2391 app.PredictionLabel_7.Text = 'Prediction';

2392

2393 % Create Image_7

2394 app.Image_7 = uiimage(app.EnsembleTab);

2395 app.Image_7.ScaleMethod = 'stretch';

2396 app.Image_7.Position = [478 138 214 176];

2397 app.Image_7.ImageSource = '11.PNG';

2398

2399 % Create ResultTextArea_7Label

2400 app.ResultTextArea_7Label = uilabel(app.EnsembleTab);

2401 app.ResultTextArea_7Label.BackgroundColor = [1 1 1];

2402 app.ResultTextArea_7Label.HorizontalAlignment = 'center';

2403 app.ResultTextArea_7Label.FontName = 'Arial';

2404 app.ResultTextArea_7Label.FontWeight = 'bold';

2405 app.ResultTextArea_7Label.Position = [569 84 41 22];

2406 app.ResultTextArea_7Label.Text = 'Result';

2407

2408 % Create ResultTextArea_7

2409 app.ResultTextArea_7 = uitextarea(app.EnsembleTab);

2410 app.ResultTextArea_7.HorizontalAlignment = 'center';

2411 app.ResultTextArea_7.FontName = 'Arial';

2412 app.ResultTextArea_7.FontWeight = 'bold';

2413 app.ResultTextArea_7.Position = [461 15 245 62];

2414

2415 % Create EnsemblebasedModelLabel

2416 app.EnsemblebasedModelLabel = uilabel(app.EnsembleTab);

2417 app.EnsemblebasedModelLabel.BackgroundColor = [0.8 0.8 0.8];

2418 app.EnsemblebasedModelLabel.HorizontalAlignment = 'center';

2419 app.EnsemblebasedModelLabel.FontName = 'Arial';

2420 app.EnsemblebasedModelLabel.FontWeight = 'bold';

2421 app.EnsemblebasedModelLabel.Position = [31 343 220 27];

2422 app.EnsemblebasedModelLabel.Text = 'Ensemble based Model';

2423

2424 % Create NeuralNetworkTab

2425 app.NeuralNetworkTab = uitab(app.TabGroup2);

2426 app.NeuralNetworkTab.Title = 'Neural Network';

2427

2428 % Create Button_22

2429 app.Button_22 = uibutton(app.NeuralNetworkTab, 'push');

2430 app.Button_22.ButtonPushedFcn = createCallbackFcn(app, @Button_22Pushed,

true);↪→

2431 app.Button_22.Icon = 'import.png';

2432 app.Button_22.BackgroundColor = [1 1 1];

2433 app.Button_22.FontName = 'Arial';

2434 app.Button_22.FontWeight = 'bold';

2435 app.Button_22.FontColor = [1 1 1];

2436 app.Button_22.Position = [38 53 46 45];

2437 app.Button_22.Text = '';

2438

2439 % Create ImportfileLabel_8

2440 app.ImportfileLabel_8 = uilabel(app.NeuralNetworkTab);

2441 app.ImportfileLabel_8.HorizontalAlignment = 'center';

2442 app.ImportfileLabel_8.FontName = 'Arial';

2443 app.ImportfileLabel_8.FontSize = 11;

2444 app.ImportfileLabel_8.FontWeight = 'bold';

2445 app.ImportfileLabel_8.Position = [33 26 62 22];

2446 app.ImportfileLabel_8.Text = 'Import file';

2447

2448 % Create Button_23

2449 app.Button_23 = uibutton(app.NeuralNetworkTab, 'push');

2450 app.Button_23.ButtonPushedFcn = createCallbackFcn(app, @Button_23Pushed,

true);↪→

2451 app.Button_23.Icon = '4.png';

2452 app.Button_23.BackgroundColor = [1 1 1];

2453 app.Button_23.FontName = 'Arial';

2454 app.Button_23.FontWeight = 'bold';

2455 app.Button_23.Position = [119 53 43 45];

2456 app.Button_23.Text = '';

2457

2458 % Create FeatureExtractionLabel_8

2459 app.FeatureExtractionLabel_8 = uilabel(app.NeuralNetworkTab);

2460 app.FeatureExtractionLabel_8.HorizontalAlignment = 'center';

2461 app.FeatureExtractionLabel_8.FontName = 'Arial';

2462 app.FeatureExtractionLabel_8.FontSize = 11;

2463 app.FeatureExtractionLabel_8.FontWeight = 'bold';

2464 app.FeatureExtractionLabel_8.Position = [111 23 62 28];

2465 app.FeatureExtractionLabel_8.Text = {'Feature'; ' Extraction'};

2466

2467 % Create Button_24

2468 app.Button_24 = uibutton(app.NeuralNetworkTab, 'push');

2469 app.Button_24.ButtonPushedFcn = createCallbackFcn(app, @Button_24Pushed,

true);↪→

2470 app.Button_24.Icon = '7.png';

2471 app.Button_24.BackgroundColor = [1 1 1];

2472 app.Button_24.FontName = 'Arial';

2473 app.Button_24.FontWeight = 'bold';

2474 app.Button_24.Position = [197 50 61 45];

2475 app.Button_24.Text = '';

2476

2477 % Create PredictionLabel_8

2478 app.PredictionLabel_8 = uilabel(app.NeuralNetworkTab);

2479 app.PredictionLabel_8.HorizontalAlignment = 'center';

2480 app.PredictionLabel_8.FontName = 'Arial';

2481 app.PredictionLabel_8.FontSize = 11;

2482 app.PredictionLabel_8.FontWeight = 'bold';

2483 app.PredictionLabel_8.Position = [198 23 61 22];

2484 app.PredictionLabel_8.Text = 'Prediction';

2485

2486 % Create Image_8

2487 app.Image_8 = uiimage(app.NeuralNetworkTab);

2488 app.Image_8.ScaleMethod = 'stretch';

2489 app.Image_8.Position = [478 138 214 176];

2490 app.Image_8.ImageSource = '11.PNG';

2491

2492 % Create ResultTextArea_8Label

2493 app.ResultTextArea_8Label = uilabel(app.NeuralNetworkTab);

2494 app.ResultTextArea_8Label.BackgroundColor = [1 1 1];

2495 app.ResultTextArea_8Label.HorizontalAlignment = 'center';

2496 app.ResultTextArea_8Label.FontName = 'Arial';

2497 app.ResultTextArea_8Label.FontWeight = 'bold';

2498 app.ResultTextArea_8Label.Position = [569 84 41 22];

2499 app.ResultTextArea_8Label.Text = 'Result';

2500

2501 % Create ResultTextArea_8

2502 app.ResultTextArea_8 = uitextarea(app.NeuralNetworkTab);

2503 app.ResultTextArea_8.HorizontalAlignment = 'center';

2504 app.ResultTextArea_8.FontName = 'Arial';

2505 app.ResultTextArea_8.FontWeight = 'bold';

2506 app.ResultTextArea_8.Position = [461 15 245 62];

2507

2508 % Create NeuralNetworkbasedModelLabel

2509 app.NeuralNetworkbasedModelLabel = uilabel(app.NeuralNetworkTab);

2510 app.NeuralNetworkbasedModelLabel.BackgroundColor = [0.8 0.8 0.8];

2511 app.NeuralNetworkbasedModelLabel.HorizontalAlignment = 'center';

2512 app.NeuralNetworkbasedModelLabel.FontName = 'Arial';

2513 app.NeuralNetworkbasedModelLabel.FontWeight = 'bold';

2514 app.NeuralNetworkbasedModelLabel.Position = [31 343 220 27];

2515 app.NeuralNetworkbasedModelLabel.Text = 'Neural Network based Model';

2516

2517 % Create FrequencyDomainTab

2518 app.FrequencyDomainTab = uitab(app.TabGroup);

2519 app.FrequencyDomainTab.Title = 'Frequency Domain';

2520

2521 % Create YTab

2522 app.YTab = uitab(app.TabGroup3);

2523 app.YTab.Title = 'Y';

2524

2525 % Create TabGroup_2

2526 app.TabGroup_2 = uitabgroup(app.YTab);

2527 app.TabGroup_2.Position = [0 -9 789 467];

2528

2529 % Create TimeDomainTab_2

2530 app.TimeDomainTab_2 = uitab(app.TabGroup_2);

2531 app.TimeDomainTab_2.Title = 'Time Domain';

2532

2533 % Create TabGroup2_2

2534 app.TabGroup2_2 = uitabgroup(app.TimeDomainTab_2);

2535 app.TabGroup2_2.Position = [1 9 787 433];

2536

2537 % Create SVMTab_2

2538 app.SVMTab_2 = uitab(app.TabGroup2_2);

2539 app.SVMTab_2.Title = 'SVM';

2540

2541 % Create Button_64

2542 app.Button_64 = uibutton(app.SVMTab_2, 'push');

2543 app.Button_64.ButtonPushedFcn = createCallbackFcn(app, @Button_64Pushed,

true);↪→

2544 app.Button_64.Icon = 'import.png';

2545 app.Button_64.BackgroundColor = [1 1 1];

2546 app.Button_64.FontName = 'Arial';

2547 app.Button_64.FontWeight = 'bold';

2548 app.Button_64.FontColor = [1 1 1];

2549 app.Button_64.Position = [38 53 46 45];

2550 app.Button_64.Text = '';

2551

2552 % Create ImportfileLabel_22

2553 app.ImportfileLabel_22 = uilabel(app.SVMTab_2);

2554 app.ImportfileLabel_22.HorizontalAlignment = 'center';

2555 app.ImportfileLabel_22.FontName = 'Arial';

2556 app.ImportfileLabel_22.FontSize = 11;

2557 app.ImportfileLabel_22.FontWeight = 'bold';

2558 app.ImportfileLabel_22.Position = [33 26 62 22];

2559 app.ImportfileLabel_22.Text = 'Import file';

2560

2561 % Create Button_65

2562 app.Button_65 = uibutton(app.SVMTab_2, 'push');

2563 app.Button_65.ButtonPushedFcn = createCallbackFcn(app, @Button_65Pushed,

true);↪→

2564 app.Button_65.Icon = '4.png';

2565 app.Button_65.BackgroundColor = [1 1 1];

2566 app.Button_65.FontName = 'Arial';

2567 app.Button_65.FontWeight = 'bold';

2568 app.Button_65.Position = [119 53 43 45];

2569 app.Button_65.Text = '';

2570

2571 % Create FeatureExtractionLabel_22

2572 app.FeatureExtractionLabel_22 = uilabel(app.SVMTab_2);

2573 app.FeatureExtractionLabel_22.HorizontalAlignment = 'center';

2574 app.FeatureExtractionLabel_22.FontName = 'Arial';

2575 app.FeatureExtractionLabel_22.FontSize = 11;

2576 app.FeatureExtractionLabel_22.FontWeight = 'bold';

2577 app.FeatureExtractionLabel_22.Position = [111 23 62 28];

2578 app.FeatureExtractionLabel_22.Text = {'Feature'; ' Extraction'};

2579

2580 % Create Button_66

2581 app.Button_66 = uibutton(app.SVMTab_2, 'push');

2582 app.Button_66.Icon = '7.png';

2583 app.Button_66.BackgroundColor = [1 1 1];

2584 app.Button_66.FontName = 'Arial';

2585 app.Button_66.FontWeight = 'bold';

2586 app.Button_66.Position = [197 50 61 45];

2587 app.Button_66.Text = '';

2588

2589 % Create PredictionLabel_22

2590 app.PredictionLabel_22 = uilabel(app.SVMTab_2);

2591 app.PredictionLabel_22.HorizontalAlignment = 'center';

2592 app.PredictionLabel_22.FontName = 'Arial';

2593 app.PredictionLabel_22.FontSize = 11;

2594 app.PredictionLabel_22.FontWeight = 'bold';

2595 app.PredictionLabel_22.Position = [198 23 61 22];

2596 app.PredictionLabel_22.Text = 'Prediction';

2597

2598 % Create Image_22

2599 app.Image_22 = uiimage(app.SVMTab_2);

2600 app.Image_22.ScaleMethod = 'stretch';

2601 app.Image_22.Position = [478 138 214 176];

2602 app.Image_22.ImageSource = '11.PNG';

2603

2604 % Create ResultTextArea_22Label

2605 app.ResultTextArea_22Label = uilabel(app.SVMTab_2);

2606 app.ResultTextArea_22Label.BackgroundColor = [1 1 1];

2607 app.ResultTextArea_22Label.HorizontalAlignment = 'center';

2608 app.ResultTextArea_22Label.FontName = 'Arial';

2609 app.ResultTextArea_22Label.FontWeight = 'bold';

2610 app.ResultTextArea_22Label.Position = [569 84 41 22];

2611 app.ResultTextArea_22Label.Text = 'Result';

2612

2613 % Create ResultTextArea_22

2614 app.ResultTextArea_22 = uitextarea(app.SVMTab_2);

2615 app.ResultTextArea_22.HorizontalAlignment = 'center';

2616 app.ResultTextArea_22.FontName = 'Arial';

2617 app.ResultTextArea_22.FontWeight = 'bold';

2618 app.ResultTextArea_22.Position = [461 15 245 62];

2619

2620 % Create KNNTab_2

2621 app.KNNTab_2 = uitab(app.TabGroup2_2);

2622 app.KNNTab_2.Title = 'KNN';

2623

2624 % Create Button_25

2625 app.Button_25 = uibutton(app.KNNTab_2, 'push');

2626 app.Button_25.ButtonPushedFcn = createCallbackFcn(app, @Button_25Pushed,

true);↪→

2627 app.Button_25.Icon = 'import.png';

2628 app.Button_25.BackgroundColor = [1 1 1];

2629 app.Button_25.FontName = 'Arial';

2630 app.Button_25.FontWeight = 'bold';

2631 app.Button_25.FontColor = [1 1 1];

2632 app.Button_25.Position = [38 53 46 45];

2633 app.Button_25.Text = '';

2634

2635 % Create ImportfileLabel_9

2636 app.ImportfileLabel_9 = uilabel(app.KNNTab_2);

2637 app.ImportfileLabel_9.HorizontalAlignment = 'center';

2638 app.ImportfileLabel_9.FontName = 'Arial';

2639 app.ImportfileLabel_9.FontSize = 11;

2640 app.ImportfileLabel_9.FontWeight = 'bold';

2641 app.ImportfileLabel_9.Position = [33 26 62 22];

2642 app.ImportfileLabel_9.Text = 'Import file';

2643

2644 % Create Button_26

2645 app.Button_26 = uibutton(app.KNNTab_2, 'push');

2646 app.Button_26.ButtonPushedFcn = createCallbackFcn(app, @Button_26Pushed,

true);↪→

2647 app.Button_26.Icon = '4.png';

2648 app.Button_26.BackgroundColor = [1 1 1];

2649 app.Button_26.FontName = 'Arial';

2650 app.Button_26.FontWeight = 'bold';

2651 app.Button_26.Position = [119 53 43 45];

2652 app.Button_26.Text = '';

2653

2654 % Create FeatureExtractionLabel_9

2655 app.FeatureExtractionLabel_9 = uilabel(app.KNNTab_2);

2656 app.FeatureExtractionLabel_9.HorizontalAlignment = 'center';

2657 app.FeatureExtractionLabel_9.FontName = 'Arial';

2658 app.FeatureExtractionLabel_9.FontSize = 11;

2659 app.FeatureExtractionLabel_9.FontWeight = 'bold';

2660 app.FeatureExtractionLabel_9.Position = [111 23 62 28];

2661 app.FeatureExtractionLabel_9.Text = {'Feature'; ' Extraction'};

2662

2663 % Create Button_27

2664 app.Button_27 = uibutton(app.KNNTab_2, 'push');

2665 app.Button_27.Icon = '7.png';

2666 app.Button_27.BackgroundColor = [1 1 1];

2667 app.Button_27.FontName = 'Arial';

2668 app.Button_27.FontWeight = 'bold';

2669 app.Button_27.Position = [197 50 61 45];

2670 app.Button_27.Text = '';

2671

2672 % Create PredictionLabel_9

2673 app.PredictionLabel_9 = uilabel(app.KNNTab_2);

2674 app.PredictionLabel_9.HorizontalAlignment = 'center';

2675 app.PredictionLabel_9.FontName = 'Arial';

2676 app.PredictionLabel_9.FontSize = 11;

2677 app.PredictionLabel_9.FontWeight = 'bold';

2678 app.PredictionLabel_9.Position = [198 23 61 22];

2679 app.PredictionLabel_9.Text = 'Prediction';

2680

2681 % Create Image_9

2682 app.Image_9 = uiimage(app.KNNTab_2);

2683 app.Image_9.ScaleMethod = 'stretch';

2684 app.Image_9.Position = [478 138 214 176];

2685 app.Image_9.ImageSource = '11.PNG';

2686

2687 % Create ResultTextArea_9Label

2688 app.ResultTextArea_9Label = uilabel(app.KNNTab_2);

2689 app.ResultTextArea_9Label.BackgroundColor = [1 1 1];

2690 app.ResultTextArea_9Label.HorizontalAlignment = 'center';

2691 app.ResultTextArea_9Label.FontName = 'Arial';

2692 app.ResultTextArea_9Label.FontWeight = 'bold';

2693 app.ResultTextArea_9Label.Position = [569 84 41 22];

2694 app.ResultTextArea_9Label.Text = 'Result';

2695

2696 % Create ResultTextArea_9

2697 app.ResultTextArea_9 = uitextarea(app.KNNTab_2);

2698 app.ResultTextArea_9.HorizontalAlignment = 'center';

2699 app.ResultTextArea_9.FontName = 'Arial';

2700 app.ResultTextArea_9.FontWeight = 'bold';

2701 app.ResultTextArea_9.Position = [461 15 245 62];

2702

2703 % Create EnsembleTab_2

2704 app.EnsembleTab_2 = uitab(app.TabGroup2_2);

2705 app.EnsembleTab_2.Title = 'Ensemble';

2706

2707 % Create Button_28

2708 app.Button_28 = uibutton(app.EnsembleTab_2, 'push');

2709 app.Button_28.ButtonPushedFcn = createCallbackFcn(app, @Button_28Pushed,

true);↪→

2710 app.Button_28.Icon = 'import.png';

2711 app.Button_28.BackgroundColor = [1 1 1];

2712 app.Button_28.FontName = 'Arial';

2713 app.Button_28.FontWeight = 'bold';

2714 app.Button_28.FontColor = [1 1 1];

2715 app.Button_28.Position = [38 53 46 45];

2716 app.Button_28.Text = '';

2717

2718 % Create ImportfileLabel_10

2719 app.ImportfileLabel_10 = uilabel(app.EnsembleTab_2);

2720 app.ImportfileLabel_10.HorizontalAlignment = 'center';

2721 app.ImportfileLabel_10.FontName = 'Arial';

2722 app.ImportfileLabel_10.FontSize = 11;

2723 app.ImportfileLabel_10.FontWeight = 'bold';

2724 app.ImportfileLabel_10.Position = [33 26 62 22];

2725 app.ImportfileLabel_10.Text = 'Import file';

2726

2727 % Create Button_29

2728 app.Button_29 = uibutton(app.EnsembleTab_2, 'push');

2729 app.Button_29.ButtonPushedFcn = createCallbackFcn(app, @Button_29Pushed,

true);↪→

2730 app.Button_29.Icon = '4.png';

2731 app.Button_29.BackgroundColor = [1 1 1];

2732 app.Button_29.FontName = 'Arial';

2733 app.Button_29.FontWeight = 'bold';

2734 app.Button_29.Position = [119 53 43 45];

2735 app.Button_29.Text = '';

2736

2737 % Create FeatureExtractionLabel_10

2738 app.FeatureExtractionLabel_10 = uilabel(app.EnsembleTab_2);

2739 app.FeatureExtractionLabel_10.HorizontalAlignment = 'center';

2740 app.FeatureExtractionLabel_10.FontName = 'Arial';

2741 app.FeatureExtractionLabel_10.FontSize = 11;

2742 app.FeatureExtractionLabel_10.FontWeight = 'bold';

2743 app.FeatureExtractionLabel_10.Position = [111 23 62 28];

2744 app.FeatureExtractionLabel_10.Text = {'Feature'; ' Extraction'};

2745

2746 % Create Button_30

2747 app.Button_30 = uibutton(app.EnsembleTab_2, 'push');

2748 app.Button_30.Icon = '7.png';

2749 app.Button_30.BackgroundColor = [1 1 1];

2750 app.Button_30.FontName = 'Arial';

2751 app.Button_30.FontWeight = 'bold';

2752 app.Button_30.Position = [197 50 61 45];

2753 app.Button_30.Text = '';

2754

2755 % Create PredictionLabel_10

2756 app.PredictionLabel_10 = uilabel(app.EnsembleTab_2);

2757 app.PredictionLabel_10.HorizontalAlignment = 'center';

2758 app.PredictionLabel_10.FontName = 'Arial';

2759 app.PredictionLabel_10.FontSize = 11;

2760 app.PredictionLabel_10.FontWeight = 'bold';

2761 app.PredictionLabel_10.Position = [198 23 61 22];

2762 app.PredictionLabel_10.Text = 'Prediction';

2763

2764 % Create Image_10

2765 app.Image_10 = uiimage(app.EnsembleTab_2);

2766 app.Image_10.ScaleMethod = 'stretch';

2767 app.Image_10.Position = [478 138 214 176];

2768 app.Image_10.ImageSource = '11.PNG';

2769

2770 % Create ResultTextArea_10Label

2771 app.ResultTextArea_10Label = uilabel(app.EnsembleTab_2);

2772 app.ResultTextArea_10Label.BackgroundColor = [1 1 1];

2773 app.ResultTextArea_10Label.HorizontalAlignment = 'center';

2774 app.ResultTextArea_10Label.FontName = 'Arial';

2775 app.ResultTextArea_10Label.FontWeight = 'bold';

2776 app.ResultTextArea_10Label.Position = [569 84 41 22];

2777 app.ResultTextArea_10Label.Text = 'Result';

2778

2779 % Create ResultTextArea_10

2780 app.ResultTextArea_10 = uitextarea(app.EnsembleTab_2);

2781 app.ResultTextArea_10.HorizontalAlignment = 'center';

2782 app.ResultTextArea_10.FontName = 'Arial';

2783 app.ResultTextArea_10.FontWeight = 'bold';

2784 app.ResultTextArea_10.Position = [461 15 245 62];

2785

2786 % Create NeuralNetworkTab_2

2787 app.NeuralNetworkTab_2 = uitab(app.TabGroup2_2);

2788 app.NeuralNetworkTab_2.Title = 'Neural Network';

2789

2790 % Create Button_31

2791 app.Button_31 = uibutton(app.NeuralNetworkTab_2, 'push');

2792 app.Button_31.ButtonPushedFcn = createCallbackFcn(app, @Button_31Pushed,

true);↪→

2793 app.Button_31.Icon = 'import.png';

2794 app.Button_31.BackgroundColor = [1 1 1];

2795 app.Button_31.FontName = 'Arial';

2796 app.Button_31.FontWeight = 'bold';

2797 app.Button_31.FontColor = [1 1 1];

2798 app.Button_31.Position = [38 53 46 45];

2799 app.Button_31.Text = '';

2800

2801 % Create ImportfileLabel_11

2802 app.ImportfileLabel_11 = uilabel(app.NeuralNetworkTab_2);

2803 app.ImportfileLabel_11.HorizontalAlignment = 'center';

2804 app.ImportfileLabel_11.FontName = 'Arial';

2805 app.ImportfileLabel_11.FontSize = 11;

2806 app.ImportfileLabel_11.FontWeight = 'bold';

2807 app.ImportfileLabel_11.Position = [33 26 62 22];

2808 app.ImportfileLabel_11.Text = 'Import file';

2809

2810 % Create Button_32

2811 app.Button_32 = uibutton(app.NeuralNetworkTab_2, 'push');

2812 app.Button_32.ButtonPushedFcn = createCallbackFcn(app, @Button_32Pushed,

true);↪→

2813 app.Button_32.Icon = '4.png';

2814 app.Button_32.BackgroundColor = [1 1 1];

2815 app.Button_32.FontName = 'Arial';

2816 app.Button_32.FontWeight = 'bold';

2817 app.Button_32.Position = [119 53 43 45];

2818 app.Button_32.Text = '';

2819

2820 % Create FeatureExtractionLabel_11

2821 app.FeatureExtractionLabel_11 = uilabel(app.NeuralNetworkTab_2);

2822 app.FeatureExtractionLabel_11.HorizontalAlignment = 'center';

2823 app.FeatureExtractionLabel_11.FontName = 'Arial';

2824 app.FeatureExtractionLabel_11.FontSize = 11;

2825 app.FeatureExtractionLabel_11.FontWeight = 'bold';

2826 app.FeatureExtractionLabel_11.Position = [111 23 62 28];

2827 app.FeatureExtractionLabel_11.Text = {'Feature'; ' Extraction'};

2828

2829 % Create Button_33

2830 app.Button_33 = uibutton(app.NeuralNetworkTab_2, 'push');

2831 app.Button_33.Icon = '7.png';

2832 app.Button_33.BackgroundColor = [1 1 1];

2833 app.Button_33.FontName = 'Arial';

2834 app.Button_33.FontWeight = 'bold';

2835 app.Button_33.Position = [197 50 61 45];

2836 app.Button_33.Text = '';

2837

2838 % Create PredictionLabel_11

2839 app.PredictionLabel_11 = uilabel(app.NeuralNetworkTab_2);

2840 app.PredictionLabel_11.HorizontalAlignment = 'center';

2841 app.PredictionLabel_11.FontName = 'Arial';

2842 app.PredictionLabel_11.FontSize = 11;

2843 app.PredictionLabel_11.FontWeight = 'bold';

2844 app.PredictionLabel_11.Position = [198 23 61 22];

2845 app.PredictionLabel_11.Text = 'Prediction';

2846

2847 % Create Image_11

2848 app.Image_11 = uiimage(app.NeuralNetworkTab_2);

2849 app.Image_11.ScaleMethod = 'stretch';

2850 app.Image_11.Position = [478 138 214 176];

2851 app.Image_11.ImageSource = '11.PNG';

2852

2853 % Create ResultTextArea_11Label

2854 app.ResultTextArea_11Label = uilabel(app.NeuralNetworkTab_2);

2855 app.ResultTextArea_11Label.BackgroundColor = [1 1 1];

2856 app.ResultTextArea_11Label.HorizontalAlignment = 'center';

2857 app.ResultTextArea_11Label.FontName = 'Arial';

2858 app.ResultTextArea_11Label.FontWeight = 'bold';

2859 app.ResultTextArea_11Label.Position = [569 84 41 22];

2860 app.ResultTextArea_11Label.Text = 'Result';

2861

2862 % Create ResultTextArea_11

2863 app.ResultTextArea_11 = uitextarea(app.NeuralNetworkTab_2);

2864 app.ResultTextArea_11.HorizontalAlignment = 'center';

2865 app.ResultTextArea_11.FontName = 'Arial';

2866 app.ResultTextArea_11.FontWeight = 'bold';

2867 app.ResultTextArea_11.Position = [461 15 245 62];

2868

2869 % Create FrequencyDomainTab_2

2870 app.FrequencyDomainTab_2 = uitab(app.TabGroup_2);

2871 app.FrequencyDomainTab_2.Title = 'Frequency Domain';

2872

2873 % Create ZTab

2874 app.ZTab = uitab(app.TabGroup3);

2875 app.ZTab.Title = 'Z';

2876

2877 % Create TabGroup_3

2878 app.TabGroup_3 = uitabgroup(app.ZTab);

2879 app.TabGroup_3.Position = [1 -9 789 467];

2880

2881 % Create TimeDomainTab_3

2882 app.TimeDomainTab_3 = uitab(app.TabGroup_3);

2883 app.TimeDomainTab_3.Title = 'Time Domain';

2884

2885 % Create TabGroup2_3

2886 app.TabGroup2_3 = uitabgroup(app.TimeDomainTab_3);

2887 app.TabGroup2_3.Position = [1 9 787 433];

2888

2889 % Create SVMTab_3

2890 app.SVMTab_3 = uitab(app.TabGroup2_3);

2891 app.SVMTab_3.Title = 'SVM';

2892

2893 % Create Button_67

2894 app.Button_67 = uibutton(app.SVMTab_3, 'push');

2895 app.Button_67.ButtonPushedFcn = createCallbackFcn(app, @Button_67Pushed,

true);↪→

2896 app.Button_67.Icon = 'import.png';

2897 app.Button_67.BackgroundColor = [1 1 1];

2898 app.Button_67.FontName = 'Arial';

2899 app.Button_67.FontWeight = 'bold';

2900 app.Button_67.FontColor = [1 1 1];

2901 app.Button_67.Position = [38 53 46 45];

2902 app.Button_67.Text = '';

2903

2904 % Create ImportfileLabel_23

2905 app.ImportfileLabel_23 = uilabel(app.SVMTab_3);

2906 app.ImportfileLabel_23.HorizontalAlignment = 'center';

2907 app.ImportfileLabel_23.FontName = 'Arial';

2908 app.ImportfileLabel_23.FontSize = 11;

2909 app.ImportfileLabel_23.FontWeight = 'bold';

2910 app.ImportfileLabel_23.Position = [33 26 62 22];

2911 app.ImportfileLabel_23.Text = 'Import file';

2912

2913 % Create Button_68

2914 app.Button_68 = uibutton(app.SVMTab_3, 'push');

2915 app.Button_68.ButtonPushedFcn = createCallbackFcn(app, @Button_68Pushed,

true);↪→

2916 app.Button_68.Icon = '4.png';

2917 app.Button_68.BackgroundColor = [1 1 1];

2918 app.Button_68.FontName = 'Arial';

2919 app.Button_68.FontWeight = 'bold';

2920 app.Button_68.Position = [119 53 43 45];

2921 app.Button_68.Text = '';

2922

2923 % Create FeatureExtractionLabel_23

2924 app.FeatureExtractionLabel_23 = uilabel(app.SVMTab_3);

2925 app.FeatureExtractionLabel_23.HorizontalAlignment = 'center';

2926 app.FeatureExtractionLabel_23.FontName = 'Arial';

2927 app.FeatureExtractionLabel_23.FontSize = 11;

2928 app.FeatureExtractionLabel_23.FontWeight = 'bold';

2929 app.FeatureExtractionLabel_23.Position = [111 23 62 28];

2930 app.FeatureExtractionLabel_23.Text = {'Feature'; ' Extraction'};

2931

2932 % Create Button_69

2933 app.Button_69 = uibutton(app.SVMTab_3, 'push');

2934 app.Button_69.Icon = '7.png';

2935 app.Button_69.BackgroundColor = [1 1 1];

2936 app.Button_69.FontName = 'Arial';

2937 app.Button_69.FontWeight = 'bold';

2938 app.Button_69.Position = [197 50 61 45];

2939 app.Button_69.Text = '';

2940

2941 % Create PredictionLabel_23

2942 app.PredictionLabel_23 = uilabel(app.SVMTab_3);

2943 app.PredictionLabel_23.HorizontalAlignment = 'center';

2944 app.PredictionLabel_23.FontName = 'Arial';

2945 app.PredictionLabel_23.FontSize = 11;

2946 app.PredictionLabel_23.FontWeight = 'bold';

2947 app.PredictionLabel_23.Position = [198 23 61 22];

2948 app.PredictionLabel_23.Text = 'Prediction';

2949

2950 % Create Image_23

2951 app.Image_23 = uiimage(app.SVMTab_3);

2952 app.Image_23.ScaleMethod = 'stretch';

2953 app.Image_23.Position = [478 138 214 176];

2954 app.Image_23.ImageSource = '11.PNG';

2955

2956 % Create ResultTextArea_23Label

2957 app.ResultTextArea_23Label = uilabel(app.SVMTab_3);

2958 app.ResultTextArea_23Label.BackgroundColor = [1 1 1];

2959 app.ResultTextArea_23Label.HorizontalAlignment = 'center';

2960 app.ResultTextArea_23Label.FontName = 'Arial';

2961 app.ResultTextArea_23Label.FontWeight = 'bold';

2962 app.ResultTextArea_23Label.Position = [569 84 41 22];

2963 app.ResultTextArea_23Label.Text = 'Result';

2964

2965 % Create ResultTextArea_23

2966 app.ResultTextArea_23 = uitextarea(app.SVMTab_3);

2967 app.ResultTextArea_23.HorizontalAlignment = 'center';

2968 app.ResultTextArea_23.FontName = 'Arial';

2969 app.ResultTextArea_23.FontWeight = 'bold';

2970 app.ResultTextArea_23.Position = [461 15 245 62];

2971

2972 % Create KNNTab_3

2973 app.KNNTab_3 = uitab(app.TabGroup2_3);

2974 app.KNNTab_3.Title = 'KNN';

2975

2976 % Create Button_34

2977 app.Button_34 = uibutton(app.KNNTab_3, 'push');

2978 app.Button_34.ButtonPushedFcn = createCallbackFcn(app, @Button_34Pushed,

true);↪→

2979 app.Button_34.Icon = 'import.png';

2980 app.Button_34.BackgroundColor = [1 1 1];

2981 app.Button_34.FontName = 'Arial';

2982 app.Button_34.FontWeight = 'bold';

2983 app.Button_34.FontColor = [1 1 1];

2984 app.Button_34.Position = [38 53 46 45];

2985 app.Button_34.Text = '';

2986

2987 % Create ImportfileLabel_12

2988 app.ImportfileLabel_12 = uilabel(app.KNNTab_3);

2989 app.ImportfileLabel_12.HorizontalAlignment = 'center';

2990 app.ImportfileLabel_12.FontName = 'Arial';

2991 app.ImportfileLabel_12.FontSize = 11;

2992 app.ImportfileLabel_12.FontWeight = 'bold';

2993 app.ImportfileLabel_12.Position = [33 26 62 22];

2994 app.ImportfileLabel_12.Text = 'Import file';

2995

2996 % Create Button_35

2997 app.Button_35 = uibutton(app.KNNTab_3, 'push');

2998 app.Button_35.ButtonPushedFcn = createCallbackFcn(app, @Button_35Pushed,

true);↪→

2999 app.Button_35.Icon = '4.png';

3000 app.Button_35.BackgroundColor = [1 1 1];

3001 app.Button_35.FontName = 'Arial';

3002 app.Button_35.FontWeight = 'bold';

3003 app.Button_35.Position = [119 53 43 45];

3004 app.Button_35.Text = '';

3005

3006 % Create FeatureExtractionLabel_12

3007 app.FeatureExtractionLabel_12 = uilabel(app.KNNTab_3);

3008 app.FeatureExtractionLabel_12.HorizontalAlignment = 'center';

3009 app.FeatureExtractionLabel_12.FontName = 'Arial';

3010 app.FeatureExtractionLabel_12.FontSize = 11;

3011 app.FeatureExtractionLabel_12.FontWeight = 'bold';

3012 app.FeatureExtractionLabel_12.Position = [111 23 62 28];

3013 app.FeatureExtractionLabel_12.Text = {'Feature'; ' Extraction'};

3014

3015 % Create Button_36

3016 app.Button_36 = uibutton(app.KNNTab_3, 'push');

3017 app.Button_36.Icon = '7.png';

3018 app.Button_36.BackgroundColor = [1 1 1];

3019 app.Button_36.FontName = 'Arial';

3020 app.Button_36.FontWeight = 'bold';

3021 app.Button_36.Position = [197 50 61 45];

3022 app.Button_36.Text = '';

3023

3024 % Create PredictionLabel_12

3025 app.PredictionLabel_12 = uilabel(app.KNNTab_3);

3026 app.PredictionLabel_12.HorizontalAlignment = 'center';

3027 app.PredictionLabel_12.FontName = 'Arial';

3028 app.PredictionLabel_12.FontSize = 11;

3029 app.PredictionLabel_12.FontWeight = 'bold';

3030 app.PredictionLabel_12.Position = [198 23 61 22];

3031 app.PredictionLabel_12.Text = 'Prediction';

3032

3033 % Create Image_12

3034 app.Image_12 = uiimage(app.KNNTab_3);

3035 app.Image_12.ScaleMethod = 'stretch';

3036 app.Image_12.Position = [478 138 214 176];

3037 app.Image_12.ImageSource = '11.PNG';

3038

3039 % Create ResultTextArea_12Label

3040 app.ResultTextArea_12Label = uilabel(app.KNNTab_3);

3041 app.ResultTextArea_12Label.BackgroundColor = [1 1 1];

3042 app.ResultTextArea_12Label.HorizontalAlignment = 'center';

3043 app.ResultTextArea_12Label.FontName = 'Arial';

3044 app.ResultTextArea_12Label.FontWeight = 'bold';

3045 app.ResultTextArea_12Label.Position = [569 84 41 22];

3046 app.ResultTextArea_12Label.Text = 'Result';

3047

3048 % Create ResultTextArea_12

3049 app.ResultTextArea_12 = uitextarea(app.KNNTab_3);

3050 app.ResultTextArea_12.HorizontalAlignment = 'center';

3051 app.ResultTextArea_12.FontName = 'Arial';

3052 app.ResultTextArea_12.FontWeight = 'bold';

3053 app.ResultTextArea_12.Position = [461 15 245 62];

3054

3055 % Create EnsembleTab_3

3056 app.EnsembleTab_3 = uitab(app.TabGroup2_3);

3057 app.EnsembleTab_3.Title = 'Ensemble';

3058

3059 % Create Button_37

3060 app.Button_37 = uibutton(app.EnsembleTab_3, 'push');

3061 app.Button_37.ButtonPushedFcn = createCallbackFcn(app, @Button_37Pushed,

true);↪→

3062 app.Button_37.Icon = 'import.png';

3063 app.Button_37.BackgroundColor = [1 1 1];

3064 app.Button_37.FontName = 'Arial';

3065 app.Button_37.FontWeight = 'bold';

3066 app.Button_37.FontColor = [1 1 1];

3067 app.Button_37.Position = [38 53 46 45];

3068 app.Button_37.Text = '';

3069

3070 % Create ImportfileLabel_13

3071 app.ImportfileLabel_13 = uilabel(app.EnsembleTab_3);

3072 app.ImportfileLabel_13.HorizontalAlignment = 'center';

3073 app.ImportfileLabel_13.FontName = 'Arial';

3074 app.ImportfileLabel_13.FontSize = 11;

3075 app.ImportfileLabel_13.FontWeight = 'bold';

3076 app.ImportfileLabel_13.Position = [33 26 62 22];

3077 app.ImportfileLabel_13.Text = 'Import file';

3078

3079 % Create Button_38

3080 app.Button_38 = uibutton(app.EnsembleTab_3, 'push');

3081 app.Button_38.ButtonPushedFcn = createCallbackFcn(app, @Button_38Pushed,

true);↪→

3082 app.Button_38.Icon = '4.png';

3083 app.Button_38.BackgroundColor = [1 1 1];

3084 app.Button_38.FontName = 'Arial';

3085 app.Button_38.FontWeight = 'bold';

3086 app.Button_38.Position = [119 53 43 45];

3087 app.Button_38.Text = '';

3088

3089 % Create FeatureExtractionLabel_13

3090 app.FeatureExtractionLabel_13 = uilabel(app.EnsembleTab_3);

3091 app.FeatureExtractionLabel_13.HorizontalAlignment = 'center';

3092 app.FeatureExtractionLabel_13.FontName = 'Arial';

3093 app.FeatureExtractionLabel_13.FontSize = 11;

3094 app.FeatureExtractionLabel_13.FontWeight = 'bold';

3095 app.FeatureExtractionLabel_13.Position = [111 23 62 28];

3096 app.FeatureExtractionLabel_13.Text = {'Feature'; ' Extraction'};

3097

3098 % Create Button_39

3099 app.Button_39 = uibutton(app.EnsembleTab_3, 'push');

3100 app.Button_39.Icon = '7.png';

3101 app.Button_39.BackgroundColor = [1 1 1];

3102 app.Button_39.FontName = 'Arial';

3103 app.Button_39.FontWeight = 'bold';

3104 app.Button_39.Position = [197 50 61 45];

3105 app.Button_39.Text = '';

3106

3107 % Create PredictionLabel_13

3108 app.PredictionLabel_13 = uilabel(app.EnsembleTab_3);

3109 app.PredictionLabel_13.HorizontalAlignment = 'center';

3110 app.PredictionLabel_13.FontName = 'Arial';

3111 app.PredictionLabel_13.FontSize = 11;

3112 app.PredictionLabel_13.FontWeight = 'bold';

3113 app.PredictionLabel_13.Position = [198 23 61 22];

3114 app.PredictionLabel_13.Text = 'Prediction';

3115

3116 % Create Image_13

3117 app.Image_13 = uiimage(app.EnsembleTab_3);

3118 app.Image_13.ScaleMethod = 'stretch';

3119 app.Image_13.Position = [478 138 214 176];

3120 app.Image_13.ImageSource = '11.PNG';

3121

3122 % Create ResultTextArea_13Label

3123 app.ResultTextArea_13Label = uilabel(app.EnsembleTab_3);

3124 app.ResultTextArea_13Label.BackgroundColor = [1 1 1];

3125 app.ResultTextArea_13Label.HorizontalAlignment = 'center';

3126 app.ResultTextArea_13Label.FontName = 'Arial';

3127 app.ResultTextArea_13Label.FontWeight = 'bold';

3128 app.ResultTextArea_13Label.Position = [569 84 41 22];

3129 app.ResultTextArea_13Label.Text = 'Result';

3130

3131 % Create ResultTextArea_13

3132 app.ResultTextArea_13 = uitextarea(app.EnsembleTab_3);

3133 app.ResultTextArea_13.HorizontalAlignment = 'center';

3134 app.ResultTextArea_13.FontName = 'Arial';

3135 app.ResultTextArea_13.FontWeight = 'bold';

3136 app.ResultTextArea_13.Position = [461 15 245 62];

3137

3138 % Create NeuralNetworkTab_3

3139 app.NeuralNetworkTab_3 = uitab(app.TabGroup2_3);

3140 app.NeuralNetworkTab_3.Title = 'Neural Network';

3141

3142 % Create Button_40

3143 app.Button_40 = uibutton(app.NeuralNetworkTab_3, 'push');

3144 app.Button_40.ButtonPushedFcn = createCallbackFcn(app, @Button_40Pushed,

true);↪→

3145 app.Button_40.Icon = 'import.png';

3146 app.Button_40.BackgroundColor = [1 1 1];

3147 app.Button_40.FontName = 'Arial';

3148 app.Button_40.FontWeight = 'bold';

3149 app.Button_40.FontColor = [1 1 1];

3150 app.Button_40.Position = [38 53 46 45];

3151 app.Button_40.Text = '';

3152

3153 % Create ImportfileLabel_14

3154 app.ImportfileLabel_14 = uilabel(app.NeuralNetworkTab_3);

3155 app.ImportfileLabel_14.HorizontalAlignment = 'center';

3156 app.ImportfileLabel_14.FontName = 'Arial';

3157 app.ImportfileLabel_14.FontSize = 11;

3158 app.ImportfileLabel_14.FontWeight = 'bold';

3159 app.ImportfileLabel_14.Position = [33 26 62 22];

3160 app.ImportfileLabel_14.Text = 'Import file';

3161

3162 % Create Button_41

3163 app.Button_41 = uibutton(app.NeuralNetworkTab_3, 'push');

3164 app.Button_41.ButtonPushedFcn = createCallbackFcn(app, @Button_41Pushed,

true);↪→

3165 app.Button_41.Icon = '4.png';

3166 app.Button_41.BackgroundColor = [1 1 1];

3167 app.Button_41.FontName = 'Arial';

3168 app.Button_41.FontWeight = 'bold';

3169 app.Button_41.Position = [119 53 43 45];

3170 app.Button_41.Text = '';

3171

3172 % Create FeatureExtractionLabel_14

3173 app.FeatureExtractionLabel_14 = uilabel(app.NeuralNetworkTab_3);

3174 app.FeatureExtractionLabel_14.HorizontalAlignment = 'center';

3175 app.FeatureExtractionLabel_14.FontName = 'Arial';

3176 app.FeatureExtractionLabel_14.FontSize = 11;

3177 app.FeatureExtractionLabel_14.FontWeight = 'bold';

3178 app.FeatureExtractionLabel_14.Position = [111 23 62 28];

3179 app.FeatureExtractionLabel_14.Text = {'Feature'; ' Extraction'};

3180

3181 % Create Button_42

3182 app.Button_42 = uibutton(app.NeuralNetworkTab_3, 'push');

3183 app.Button_42.Icon = '7.png';

3184 app.Button_42.BackgroundColor = [1 1 1];

3185 app.Button_42.FontName = 'Arial';

3186 app.Button_42.FontWeight = 'bold';

3187 app.Button_42.Position = [197 50 61 45];

3188 app.Button_42.Text = '';

3189

3190 % Create PredictionLabel_14

3191 app.PredictionLabel_14 = uilabel(app.NeuralNetworkTab_3);

3192 app.PredictionLabel_14.HorizontalAlignment = 'center';

3193 app.PredictionLabel_14.FontName = 'Arial';

3194 app.PredictionLabel_14.FontSize = 11;

3195 app.PredictionLabel_14.FontWeight = 'bold';

3196 app.PredictionLabel_14.Position = [198 23 61 22];

3197 app.PredictionLabel_14.Text = 'Prediction';

3198

3199 % Create Image_14

3200 app.Image_14 = uiimage(app.NeuralNetworkTab_3);

3201 app.Image_14.ScaleMethod = 'stretch';

3202 app.Image_14.Position = [478 138 214 176];

3203 app.Image_14.ImageSource = '11.PNG';

3204

3205 % Create ResultTextArea_14Label

3206 app.ResultTextArea_14Label = uilabel(app.NeuralNetworkTab_3);

3207 app.ResultTextArea_14Label.BackgroundColor = [1 1 1];

3208 app.ResultTextArea_14Label.HorizontalAlignment = 'center';

3209 app.ResultTextArea_14Label.FontName = 'Arial';

3210 app.ResultTextArea_14Label.FontWeight = 'bold';

3211 app.ResultTextArea_14Label.Position = [569 84 41 22];

3212 app.ResultTextArea_14Label.Text = 'Result';

3213

3214 % Create ResultTextArea_14

3215 app.ResultTextArea_14 = uitextarea(app.NeuralNetworkTab_3);

3216 app.ResultTextArea_14.HorizontalAlignment = 'center';

3217 app.ResultTextArea_14.FontName = 'Arial';

3218 app.ResultTextArea_14.FontWeight = 'bold';

3219 app.ResultTextArea_14.Position = [461 15 245 62];

3220

3221 % Create FrequencyDomainTab_3

3222 app.FrequencyDomainTab_3 = uitab(app.TabGroup_3);

3223 app.FrequencyDomainTab_3.Title = 'Frequency Domain';

3224

3225 % Create AcousticTab

3226 app.AcousticTab = uitab(app.TabGroup3);

3227 app.AcousticTab.Title = 'Acoustic';

3228

3229 % Create TabGroup_4

3230 app.TabGroup_4 = uitabgroup(app.AcousticTab);

3231 app.TabGroup_4.Position = [1 -9 789 467];

3232

3233 % Create TimeDomainTab_4

3234 app.TimeDomainTab_4 = uitab(app.TabGroup_4);

3235 app.TimeDomainTab_4.Title = 'Time Domain';

3236

3237 % Create TabGroup2_4

3238 app.TabGroup2_4 = uitabgroup(app.TimeDomainTab_4);

3239 app.TabGroup2_4.Position = [1 9 787 433];

3240

3241 % Create SVMTab_4

3242 app.SVMTab_4 = uitab(app.TabGroup2_4);

3243 app.SVMTab_4.Title = 'SVM';

3244

3245 % Create Button_70

3246 app.Button_70 = uibutton(app.SVMTab_4, 'push');

3247 app.Button_70.ButtonPushedFcn = createCallbackFcn(app, @Button_70Pushed,

true);↪→

3248 app.Button_70.Icon = 'import.png';

3249 app.Button_70.BackgroundColor = [1 1 1];

3250 app.Button_70.FontName = 'Arial';

3251 app.Button_70.FontWeight = 'bold';

3252 app.Button_70.FontColor = [1 1 1];

3253 app.Button_70.Position = [38 53 46 45];

3254 app.Button_70.Text = '';

3255

3256 % Create ImportfileLabel_24

3257 app.ImportfileLabel_24 = uilabel(app.SVMTab_4);

3258 app.ImportfileLabel_24.HorizontalAlignment = 'center';

3259 app.ImportfileLabel_24.FontName = 'Arial';

3260 app.ImportfileLabel_24.FontSize = 11;

3261 app.ImportfileLabel_24.FontWeight = 'bold';

3262 app.ImportfileLabel_24.Position = [33 26 62 22];

3263 app.ImportfileLabel_24.Text = 'Import file';

3264

3265 % Create Button_71

3266 app.Button_71 = uibutton(app.SVMTab_4, 'push');

3267 app.Button_71.ButtonPushedFcn = createCallbackFcn(app, @Button_71Pushed,

true);↪→

3268 app.Button_71.Icon = '4.png';

3269 app.Button_71.BackgroundColor = [1 1 1];

3270 app.Button_71.FontName = 'Arial';

3271 app.Button_71.FontWeight = 'bold';

3272 app.Button_71.Position = [119 53 43 45];

3273 app.Button_71.Text = '';

3274

3275 % Create FeatureExtractionLabel_24

3276 app.FeatureExtractionLabel_24 = uilabel(app.SVMTab_4);

3277 app.FeatureExtractionLabel_24.HorizontalAlignment = 'center';

3278 app.FeatureExtractionLabel_24.FontName = 'Arial';

3279 app.FeatureExtractionLabel_24.FontSize = 11;

3280 app.FeatureExtractionLabel_24.FontWeight = 'bold';

3281 app.FeatureExtractionLabel_24.Position = [111 23 62 28];

3282 app.FeatureExtractionLabel_24.Text = {'Feature'; ' Extraction'};

3283

3284 % Create Button_72

3285 app.Button_72 = uibutton(app.SVMTab_4, 'push');

3286 app.Button_72.Icon = '7.png';

3287 app.Button_72.BackgroundColor = [1 1 1];

3288 app.Button_72.FontName = 'Arial';

3289 app.Button_72.FontWeight = 'bold';

3290 app.Button_72.Position = [197 50 61 45];

3291 app.Button_72.Text = '';

3292

3293 % Create PredictionLabel_24

3294 app.PredictionLabel_24 = uilabel(app.SVMTab_4);

3295 app.PredictionLabel_24.HorizontalAlignment = 'center';

3296 app.PredictionLabel_24.FontName = 'Arial';

3297 app.PredictionLabel_24.FontSize = 11;

3298 app.PredictionLabel_24.FontWeight = 'bold';

3299 app.PredictionLabel_24.Position = [198 23 61 22];

3300 app.PredictionLabel_24.Text = 'Prediction';

3301

3302 % Create Image_24

3303 app.Image_24 = uiimage(app.SVMTab_4);

3304 app.Image_24.ScaleMethod = 'stretch';

3305 app.Image_24.Position = [478 138 214 176];

3306 app.Image_24.ImageSource = '11.PNG';

3307

3308 % Create ResultTextArea_24Label

3309 app.ResultTextArea_24Label = uilabel(app.SVMTab_4);

3310 app.ResultTextArea_24Label.BackgroundColor = [1 1 1];

3311 app.ResultTextArea_24Label.HorizontalAlignment = 'center';

3312 app.ResultTextArea_24Label.FontName = 'Arial';

3313 app.ResultTextArea_24Label.FontWeight = 'bold';

3314 app.ResultTextArea_24Label.Position = [569 84 41 22];

3315 app.ResultTextArea_24Label.Text = 'Result';

3316

3317 % Create ResultTextArea_24

3318 app.ResultTextArea_24 = uitextarea(app.SVMTab_4);

3319 app.ResultTextArea_24.HorizontalAlignment = 'center';

3320 app.ResultTextArea_24.FontName = 'Arial';

3321 app.ResultTextArea_24.FontWeight = 'bold';

3322 app.ResultTextArea_24.Position = [461 15 245 62];

3323

3324 % Create KNNTab_4

3325 app.KNNTab_4 = uitab(app.TabGroup2_4);

3326 app.KNNTab_4.Title = 'KNN';

3327

3328 % Create Button_43

3329 app.Button_43 = uibutton(app.KNNTab_4, 'push');

3330 app.Button_43.ButtonPushedFcn = createCallbackFcn(app, @Button_43Pushed,

true);↪→

3331 app.Button_43.Icon = 'import.png';

3332 app.Button_43.BackgroundColor = [1 1 1];

3333 app.Button_43.FontName = 'Arial';

3334 app.Button_43.FontWeight = 'bold';

3335 app.Button_43.FontColor = [1 1 1];

3336 app.Button_43.Position = [38 53 46 45];

3337 app.Button_43.Text = '';

3338

3339 % Create ImportfileLabel_15

3340 app.ImportfileLabel_15 = uilabel(app.KNNTab_4);

3341 app.ImportfileLabel_15.HorizontalAlignment = 'center';

3342 app.ImportfileLabel_15.FontName = 'Arial';

3343 app.ImportfileLabel_15.FontSize = 11;

3344 app.ImportfileLabel_15.FontWeight = 'bold';

3345 app.ImportfileLabel_15.Position = [33 26 62 22];

3346 app.ImportfileLabel_15.Text = 'Import file';

3347

3348 % Create Button_44

3349 app.Button_44 = uibutton(app.KNNTab_4, 'push');

3350 app.Button_44.ButtonPushedFcn = createCallbackFcn(app, @Button_44Pushed,

true);↪→

3351 app.Button_44.Icon = '4.png';

3352 app.Button_44.BackgroundColor = [1 1 1];

3353 app.Button_44.FontName = 'Arial';

3354 app.Button_44.FontWeight = 'bold';

3355 app.Button_44.Position = [119 53 43 45];

3356 app.Button_44.Text = '';

3357

3358 % Create FeatureExtractionLabel_15

3359 app.FeatureExtractionLabel_15 = uilabel(app.KNNTab_4);

3360 app.FeatureExtractionLabel_15.HorizontalAlignment = 'center';

3361 app.FeatureExtractionLabel_15.FontName = 'Arial';

3362 app.FeatureExtractionLabel_15.FontSize = 11;

3363 app.FeatureExtractionLabel_15.FontWeight = 'bold';

3364 app.FeatureExtractionLabel_15.Position = [111 23 62 28];

3365 app.FeatureExtractionLabel_15.Text = {'Feature'; ' Extraction'};

3366

3367 % Create Button_45

3368 app.Button_45 = uibutton(app.KNNTab_4, 'push');

3369 app.Button_45.Icon = '7.png';

3370 app.Button_45.BackgroundColor = [1 1 1];

3371 app.Button_45.FontName = 'Arial';

3372 app.Button_45.FontWeight = 'bold';

3373 app.Button_45.Position = [197 50 61 45];

3374 app.Button_45.Text = '';

3375

3376 % Create PredictionLabel_15

3377 app.PredictionLabel_15 = uilabel(app.KNNTab_4);

3378 app.PredictionLabel_15.HorizontalAlignment = 'center';

3379 app.PredictionLabel_15.FontName = 'Arial';

3380 app.PredictionLabel_15.FontSize = 11;

3381 app.PredictionLabel_15.FontWeight = 'bold';

3382 app.PredictionLabel_15.Position = [198 23 61 22];

3383 app.PredictionLabel_15.Text = 'Prediction';

3384

3385 % Create Image_15

3386 app.Image_15 = uiimage(app.KNNTab_4);

3387 app.Image_15.ScaleMethod = 'stretch';

3388 app.Image_15.Position = [478 138 214 176];

3389 app.Image_15.ImageSource = '11.PNG';

3390

3391 % Create ResultTextArea_15Label

3392 app.ResultTextArea_15Label = uilabel(app.KNNTab_4);

3393 app.ResultTextArea_15Label.BackgroundColor = [1 1 1];

3394 app.ResultTextArea_15Label.HorizontalAlignment = 'center';

3395 app.ResultTextArea_15Label.FontName = 'Arial';

3396 app.ResultTextArea_15Label.FontWeight = 'bold';

3397 app.ResultTextArea_15Label.Position = [569 84 41 22];

3398 app.ResultTextArea_15Label.Text = 'Result';

3399

3400 % Create ResultTextArea_15

3401 app.ResultTextArea_15 = uitextarea(app.KNNTab_4);

3402 app.ResultTextArea_15.HorizontalAlignment = 'center';

3403 app.ResultTextArea_15.FontName = 'Arial';

3404 app.ResultTextArea_15.FontWeight = 'bold';

3405 app.ResultTextArea_15.Position = [461 15 245 62];

3406

3407 % Create EnsembleTab_4

3408 app.EnsembleTab_4 = uitab(app.TabGroup2_4);

3409 app.EnsembleTab_4.Title = 'Ensemble';

3410

3411 % Create Button_46

3412 app.Button_46 = uibutton(app.EnsembleTab_4, 'push');

3413 app.Button_46.ButtonPushedFcn = createCallbackFcn(app, @Button_46Pushed,

true);↪→

3414 app.Button_46.Icon = 'import.png';

3415 app.Button_46.BackgroundColor = [1 1 1];

3416 app.Button_46.FontName = 'Arial';

3417 app.Button_46.FontWeight = 'bold';

3418 app.Button_46.FontColor = [1 1 1];

3419 app.Button_46.Position = [38 53 46 45];

3420 app.Button_46.Text = '';

3421

3422 % Create ImportfileLabel_16

3423 app.ImportfileLabel_16 = uilabel(app.EnsembleTab_4);

3424 app.ImportfileLabel_16.HorizontalAlignment = 'center';

3425 app.ImportfileLabel_16.FontName = 'Arial';

3426 app.ImportfileLabel_16.FontSize = 11;

3427 app.ImportfileLabel_16.FontWeight = 'bold';

3428 app.ImportfileLabel_16.Position = [33 26 62 22];

3429 app.ImportfileLabel_16.Text = 'Import file';

3430

3431 % Create Button_47

3432 app.Button_47 = uibutton(app.EnsembleTab_4, 'push');

3433 app.Button_47.ButtonPushedFcn = createCallbackFcn(app, @Button_47Pushed,

true);↪→

3434 app.Button_47.Icon = '4.png';

3435 app.Button_47.BackgroundColor = [1 1 1];

3436 app.Button_47.FontName = 'Arial';

3437 app.Button_47.FontWeight = 'bold';

3438 app.Button_47.Position = [119 53 43 45];

3439 app.Button_47.Text = '';

3440

3441 % Create FeatureExtractionLabel_16

3442 app.FeatureExtractionLabel_16 = uilabel(app.EnsembleTab_4);

3443 app.FeatureExtractionLabel_16.HorizontalAlignment = 'center';

3444 app.FeatureExtractionLabel_16.FontName = 'Arial';

3445 app.FeatureExtractionLabel_16.FontSize = 11;

3446 app.FeatureExtractionLabel_16.FontWeight = 'bold';

3447 app.FeatureExtractionLabel_16.Position = [111 23 62 28];

3448 app.FeatureExtractionLabel_16.Text = {'Feature'; ' Extraction'};

3449

3450 % Create Button_48

3451 app.Button_48 = uibutton(app.EnsembleTab_4, 'push');

3452 app.Button_48.Icon = '7.png';

3453 app.Button_48.BackgroundColor = [1 1 1];

3454 app.Button_48.FontName = 'Arial';

3455 app.Button_48.FontWeight = 'bold';

3456 app.Button_48.Position = [197 50 61 45];

3457 app.Button_48.Text = '';

3458

3459 % Create PredictionLabel_16

3460 app.PredictionLabel_16 = uilabel(app.EnsembleTab_4);

3461 app.PredictionLabel_16.HorizontalAlignment = 'center';

3462 app.PredictionLabel_16.FontName = 'Arial';

3463 app.PredictionLabel_16.FontSize = 11;

3464 app.PredictionLabel_16.FontWeight = 'bold';

3465 app.PredictionLabel_16.Position = [198 23 61 22];

3466 app.PredictionLabel_16.Text = 'Prediction';

3467

3468 % Create Image_16

3469 app.Image_16 = uiimage(app.EnsembleTab_4);

3470 app.Image_16.ScaleMethod = 'stretch';

3471 app.Image_16.Position = [478 138 214 176];

3472 app.Image_16.ImageSource = '11.PNG';

3473

3474 % Create ResultTextArea_16Label

3475 app.ResultTextArea_16Label = uilabel(app.EnsembleTab_4);

3476 app.ResultTextArea_16Label.BackgroundColor = [1 1 1];

3477 app.ResultTextArea_16Label.HorizontalAlignment = 'center';

3478 app.ResultTextArea_16Label.FontName = 'Arial';

3479 app.ResultTextArea_16Label.FontWeight = 'bold';

3480 app.ResultTextArea_16Label.Position = [569 84 41 22];

3481 app.ResultTextArea_16Label.Text = 'Result';

3482

3483 % Create ResultTextArea_16

3484 app.ResultTextArea_16 = uitextarea(app.EnsembleTab_4);

3485 app.ResultTextArea_16.HorizontalAlignment = 'center';

3486 app.ResultTextArea_16.FontName = 'Arial';

3487 app.ResultTextArea_16.FontWeight = 'bold';

3488 app.ResultTextArea_16.Position = [461 15 245 62];

3489

3490 % Create NeuralNetworkTab_4

3491 app.NeuralNetworkTab_4 = uitab(app.TabGroup2_4);

3492 app.NeuralNetworkTab_4.Title = 'Neural Network';

3493

3494 % Create Button_49

3495 app.Button_49 = uibutton(app.NeuralNetworkTab_4, 'push');

3496 app.Button_49.ButtonPushedFcn = createCallbackFcn(app, @Button_49Pushed,

true);↪→

3497 app.Button_49.Icon = 'import.png';

3498 app.Button_49.BackgroundColor = [1 1 1];

3499 app.Button_49.FontName = 'Arial';

3500 app.Button_49.FontWeight = 'bold';

3501 app.Button_49.FontColor = [1 1 1];

3502 app.Button_49.Position = [38 53 46 45];

3503 app.Button_49.Text = '';

3504

3505 % Create ImportfileLabel_17

3506 app.ImportfileLabel_17 = uilabel(app.NeuralNetworkTab_4);

3507 app.ImportfileLabel_17.HorizontalAlignment = 'center';

3508 app.ImportfileLabel_17.FontName = 'Arial';

3509 app.ImportfileLabel_17.FontSize = 11;

3510 app.ImportfileLabel_17.FontWeight = 'bold';

3511 app.ImportfileLabel_17.Position = [33 26 62 22];

3512 app.ImportfileLabel_17.Text = 'Import file';

3513

3514 % Create Button_50

3515 app.Button_50 = uibutton(app.NeuralNetworkTab_4, 'push');

3516 app.Button_50.ButtonPushedFcn = createCallbackFcn(app, @Button_50Pushed,

true);↪→

3517 app.Button_50.Icon = '4.png';

3518 app.Button_50.BackgroundColor = [1 1 1];

3519 app.Button_50.FontName = 'Arial';

3520 app.Button_50.FontWeight = 'bold';

3521 app.Button_50.Position = [119 53 43 45];

3522 app.Button_50.Text = '';

3523

3524 % Create FeatureExtractionLabel_17

3525 app.FeatureExtractionLabel_17 = uilabel(app.NeuralNetworkTab_4);

3526 app.FeatureExtractionLabel_17.HorizontalAlignment = 'center';

3527 app.FeatureExtractionLabel_17.FontName = 'Arial';

3528 app.FeatureExtractionLabel_17.FontSize = 11;

3529 app.FeatureExtractionLabel_17.FontWeight = 'bold';

3530 app.FeatureExtractionLabel_17.Position = [111 23 62 28];

3531 app.FeatureExtractionLabel_17.Text = {'Feature'; ' Extraction'};

3532

3533 % Create Button_51

3534 app.Button_51 = uibutton(app.NeuralNetworkTab_4, 'push');

3535 app.Button_51.Icon = '7.png';

3536 app.Button_51.BackgroundColor = [1 1 1];

3537 app.Button_51.FontName = 'Arial';

3538 app.Button_51.FontWeight = 'bold';

3539 app.Button_51.Position = [197 50 61 45];

3540 app.Button_51.Text = '';

3541

3542 % Create PredictionLabel_17

3543 app.PredictionLabel_17 = uilabel(app.NeuralNetworkTab_4);

3544 app.PredictionLabel_17.HorizontalAlignment = 'center';

3545 app.PredictionLabel_17.FontName = 'Arial';

3546 app.PredictionLabel_17.FontSize = 11;

3547 app.PredictionLabel_17.FontWeight = 'bold';

3548 app.PredictionLabel_17.Position = [198 23 61 22];

3549 app.PredictionLabel_17.Text = 'Prediction';

3550

3551 % Create Image_17

3552 app.Image_17 = uiimage(app.NeuralNetworkTab_4);

3553 app.Image_17.ScaleMethod = 'stretch';

3554 app.Image_17.Position = [478 138 214 176];

3555 app.Image_17.ImageSource = '11.PNG';

3556

3557 % Create ResultTextArea_17Label

3558 app.ResultTextArea_17Label = uilabel(app.NeuralNetworkTab_4);

3559 app.ResultTextArea_17Label.BackgroundColor = [1 1 1];

3560 app.ResultTextArea_17Label.HorizontalAlignment = 'center';

3561 app.ResultTextArea_17Label.FontName = 'Arial';

3562 app.ResultTextArea_17Label.FontWeight = 'bold';

3563 app.ResultTextArea_17Label.Position = [569 84 41 22];

3564 app.ResultTextArea_17Label.Text = 'Result';

3565

3566 % Create ResultTextArea_17

3567 app.ResultTextArea_17 = uitextarea(app.NeuralNetworkTab_4);

3568 app.ResultTextArea_17.HorizontalAlignment = 'center';

3569 app.ResultTextArea_17.FontName = 'Arial';

3570 app.ResultTextArea_17.FontWeight = 'bold';

3571 app.ResultTextArea_17.Position = [461 15 245 62];

3572

3573 % Create FrequencyDomainTab_4

3574 app.FrequencyDomainTab_4 = uitab(app.TabGroup_4);

3575 app.FrequencyDomainTab_4.Title = 'Frequency Domain';

3576

3577 % Create CurrentTab

3578 app.CurrentTab = uitab(app.TabGroup3);

3579 app.CurrentTab.Title = 'Current';

3580

3581 % Create TabGroup_5

3582 app.TabGroup_5 = uitabgroup(app.CurrentTab);

3583 app.TabGroup_5.Position = [1 -9 789 467];

3584

3585 % Create TimeDomainTab_5

3586 app.TimeDomainTab_5 = uitab(app.TabGroup_5);

3587 app.TimeDomainTab_5.Title = 'Time Domain';

3588

3589 % Create TabGroup2_5

3590 app.TabGroup2_5 = uitabgroup(app.TimeDomainTab_5);

3591 app.TabGroup2_5.Position = [1 9 787 433];

3592

3593 % Create SVMTab_5

3594 app.SVMTab_5 = uitab(app.TabGroup2_5);

3595 app.SVMTab_5.Title = 'SVM';

3596

3597 % Create Button_73

3598 app.Button_73 = uibutton(app.SVMTab_5, 'push');

3599 app.Button_73.ButtonPushedFcn = createCallbackFcn(app, @Button_73Pushed,

true);↪→

3600 app.Button_73.Icon = 'import.png';

3601 app.Button_73.BackgroundColor = [1 1 1];

3602 app.Button_73.FontName = 'Arial';

3603 app.Button_73.FontWeight = 'bold';

3604 app.Button_73.FontColor = [1 1 1];

3605 app.Button_73.Position = [38 53 46 45];

3606 app.Button_73.Text = '';

3607

3608 % Create ImportfileLabel_25

3609 app.ImportfileLabel_25 = uilabel(app.SVMTab_5);

3610 app.ImportfileLabel_25.HorizontalAlignment = 'center';

3611 app.ImportfileLabel_25.FontName = 'Arial';

3612 app.ImportfileLabel_25.FontSize = 11;

3613 app.ImportfileLabel_25.FontWeight = 'bold';

3614 app.ImportfileLabel_25.Position = [33 26 62 22];

3615 app.ImportfileLabel_25.Text = 'Import file';

3616

3617 % Create Button_74

3618 app.Button_74 = uibutton(app.SVMTab_5, 'push');

3619 app.Button_74.ButtonPushedFcn = createCallbackFcn(app, @Button_74Pushed,

true);↪→

3620 app.Button_74.Icon = '4.png';

3621 app.Button_74.BackgroundColor = [1 1 1];

3622 app.Button_74.FontName = 'Arial';

3623 app.Button_74.FontWeight = 'bold';

3624 app.Button_74.Position = [119 53 43 45];

3625 app.Button_74.Text = '';

3626

3627 % Create FeatureExtractionLabel_25

3628 app.FeatureExtractionLabel_25 = uilabel(app.SVMTab_5);

3629 app.FeatureExtractionLabel_25.HorizontalAlignment = 'center';

3630 app.FeatureExtractionLabel_25.FontName = 'Arial';

3631 app.FeatureExtractionLabel_25.FontSize = 11;

3632 app.FeatureExtractionLabel_25.FontWeight = 'bold';

3633 app.FeatureExtractionLabel_25.Position = [111 23 62 28];

3634 app.FeatureExtractionLabel_25.Text = {'Feature'; ' Extraction'};

3635

3636 % Create Button_75

3637 app.Button_75 = uibutton(app.SVMTab_5, 'push');

3638 app.Button_75.Icon = '7.png';

3639 app.Button_75.BackgroundColor = [1 1 1];

3640 app.Button_75.FontName = 'Arial';

3641 app.Button_75.FontWeight = 'bold';

3642 app.Button_75.Position = [197 50 61 45];

3643 app.Button_75.Text = '';

3644

3645 % Create PredictionLabel_25

3646 app.PredictionLabel_25 = uilabel(app.SVMTab_5);

3647 app.PredictionLabel_25.HorizontalAlignment = 'center';

3648 app.PredictionLabel_25.FontName = 'Arial';

3649 app.PredictionLabel_25.FontSize = 11;

3650 app.PredictionLabel_25.FontWeight = 'bold';

3651 app.PredictionLabel_25.Position = [198 23 61 22];

3652 app.PredictionLabel_25.Text = 'Prediction';

3653

3654 % Create Image_25

3655 app.Image_25 = uiimage(app.SVMTab_5);

3656 app.Image_25.ScaleMethod = 'stretch';

3657 app.Image_25.Position = [478 138 214 176];

3658 app.Image_25.ImageSource = '11.PNG';

3659

3660 % Create ResultTextArea_25Label

3661 app.ResultTextArea_25Label = uilabel(app.SVMTab_5);

3662 app.ResultTextArea_25Label.BackgroundColor = [1 1 1];

3663 app.ResultTextArea_25Label.HorizontalAlignment = 'center';

3664 app.ResultTextArea_25Label.FontName = 'Arial';

3665 app.ResultTextArea_25Label.FontWeight = 'bold';

3666 app.ResultTextArea_25Label.Position = [569 84 41 22];

3667 app.ResultTextArea_25Label.Text = 'Result';

3668

3669 % Create ResultTextArea_25

3670 app.ResultTextArea_25 = uitextarea(app.SVMTab_5);

3671 app.ResultTextArea_25.HorizontalAlignment = 'center';

3672 app.ResultTextArea_25.FontName = 'Arial';

3673 app.ResultTextArea_25.FontWeight = 'bold';

3674 app.ResultTextArea_25.Position = [461 15 245 62];

3675

3676 % Create KNNTab_5

3677 app.KNNTab_5 = uitab(app.TabGroup2_5);

3678 app.KNNTab_5.Title = 'KNN';

3679

3680 % Create Button_52

3681 app.Button_52 = uibutton(app.KNNTab_5, 'push');

3682 app.Button_52.ButtonPushedFcn = createCallbackFcn(app, @Button_52Pushed,

true);↪→

3683 app.Button_52.Icon = 'import.png';

3684 app.Button_52.BackgroundColor = [1 1 1];

3685 app.Button_52.FontName = 'Arial';

3686 app.Button_52.FontWeight = 'bold';

3687 app.Button_52.FontColor = [1 1 1];

3688 app.Button_52.Position = [38 53 46 45];

3689 app.Button_52.Text = '';

3690

3691 % Create ImportfileLabel_18

3692 app.ImportfileLabel_18 = uilabel(app.KNNTab_5);

3693 app.ImportfileLabel_18.HorizontalAlignment = 'center';

3694 app.ImportfileLabel_18.FontName = 'Arial';

3695 app.ImportfileLabel_18.FontSize = 11;

3696 app.ImportfileLabel_18.FontWeight = 'bold';

3697 app.ImportfileLabel_18.Position = [33 26 62 22];

3698 app.ImportfileLabel_18.Text = 'Import file';

3699

3700 % Create Button_53

3701 app.Button_53 = uibutton(app.KNNTab_5, 'push');

3702 app.Button_53.ButtonPushedFcn = createCallbackFcn(app, @Button_53Pushed,

true);↪→

3703 app.Button_53.Icon = '4.png';

3704 app.Button_53.BackgroundColor = [1 1 1];

3705 app.Button_53.FontName = 'Arial';

3706 app.Button_53.FontWeight = 'bold';

3707 app.Button_53.Position = [119 53 43 45];

3708 app.Button_53.Text = '';

3709

3710 % Create FeatureExtractionLabel_18

3711 app.FeatureExtractionLabel_18 = uilabel(app.KNNTab_5);

3712 app.FeatureExtractionLabel_18.HorizontalAlignment = 'center';

3713 app.FeatureExtractionLabel_18.FontName = 'Arial';

3714 app.FeatureExtractionLabel_18.FontSize = 11;

3715 app.FeatureExtractionLabel_18.FontWeight = 'bold';

3716 app.FeatureExtractionLabel_18.Position = [111 23 62 28];

3717 app.FeatureExtractionLabel_18.Text = {'Feature'; ' Extraction'};

3718

3719 % Create Button_54

3720 app.Button_54 = uibutton(app.KNNTab_5, 'push');

3721 app.Button_54.Icon = '7.png';

3722 app.Button_54.BackgroundColor = [1 1 1];

3723 app.Button_54.FontName = 'Arial';

3724 app.Button_54.FontWeight = 'bold';

3725 app.Button_54.Position = [197 50 61 45];

3726 app.Button_54.Text = '';

3727

3728 % Create PredictionLabel_18

3729 app.PredictionLabel_18 = uilabel(app.KNNTab_5);

3730 app.PredictionLabel_18.HorizontalAlignment = 'center';

3731 app.PredictionLabel_18.FontName = 'Arial';

3732 app.PredictionLabel_18.FontSize = 11;

3733 app.PredictionLabel_18.FontWeight = 'bold';

3734 app.PredictionLabel_18.Position = [198 23 61 22];

3735 app.PredictionLabel_18.Text = 'Prediction';

3736

3737 % Create Image_18

3738 app.Image_18 = uiimage(app.KNNTab_5);

3739 app.Image_18.ScaleMethod = 'stretch';

3740 app.Image_18.Position = [478 138 214 176];

3741 app.Image_18.ImageSource = '11.PNG';

3742

3743 % Create ResultTextArea_18Label

3744 app.ResultTextArea_18Label = uilabel(app.KNNTab_5);

3745 app.ResultTextArea_18Label.BackgroundColor = [1 1 1];

3746 app.ResultTextArea_18Label.HorizontalAlignment = 'center';

3747 app.ResultTextArea_18Label.FontName = 'Arial';

3748 app.ResultTextArea_18Label.FontWeight = 'bold';

3749 app.ResultTextArea_18Label.Position = [569 84 41 22];

3750 app.ResultTextArea_18Label.Text = 'Result';

3751

3752 % Create ResultTextArea_18

3753 app.ResultTextArea_18 = uitextarea(app.KNNTab_5);

3754 app.ResultTextArea_18.HorizontalAlignment = 'center';

3755 app.ResultTextArea_18.FontName = 'Arial';

3756 app.ResultTextArea_18.FontWeight = 'bold';

3757 app.ResultTextArea_18.Position = [461 15 245 62];

3758

3759 % Create EnsembleTab_5

3760 app.EnsembleTab_5 = uitab(app.TabGroup2_5);

3761 app.EnsembleTab_5.Title = 'Ensemble';

3762

3763 % Create Button_55

3764 app.Button_55 = uibutton(app.EnsembleTab_5, 'push');

3765 app.Button_55.ButtonPushedFcn = createCallbackFcn(app, @Button_55Pushed,

true);↪→

3766 app.Button_55.Icon = 'import.png';

3767 app.Button_55.BackgroundColor = [1 1 1];

3768 app.Button_55.FontName = 'Arial';

3769 app.Button_55.FontWeight = 'bold';

3770 app.Button_55.FontColor = [1 1 1];

3771 app.Button_55.Position = [38 53 46 45];

3772 app.Button_55.Text = '';

3773

3774 % Create ImportfileLabel_19

3775 app.ImportfileLabel_19 = uilabel(app.EnsembleTab_5);

3776 app.ImportfileLabel_19.HorizontalAlignment = 'center';

3777 app.ImportfileLabel_19.FontName = 'Arial';

3778 app.ImportfileLabel_19.FontSize = 11;

3779 app.ImportfileLabel_19.FontWeight = 'bold';

3780 app.ImportfileLabel_19.Position = [33 26 62 22];

3781 app.ImportfileLabel_19.Text = 'Import file';

3782

3783 % Create Button_56

3784 app.Button_56 = uibutton(app.EnsembleTab_5, 'push');

3785 app.Button_56.ButtonPushedFcn = createCallbackFcn(app, @Button_56Pushed,

true);↪→

3786 app.Button_56.Icon = '4.png';

3787 app.Button_56.BackgroundColor = [1 1 1];

3788 app.Button_56.FontName = 'Arial';

3789 app.Button_56.FontWeight = 'bold';

3790 app.Button_56.Position = [119 53 43 45];

3791 app.Button_56.Text = '';

3792

3793 % Create FeatureExtractionLabel_19

3794 app.FeatureExtractionLabel_19 = uilabel(app.EnsembleTab_5);

3795 app.FeatureExtractionLabel_19.HorizontalAlignment = 'center';

3796 app.FeatureExtractionLabel_19.FontName = 'Arial';

3797 app.FeatureExtractionLabel_19.FontSize = 11;

3798 app.FeatureExtractionLabel_19.FontWeight = 'bold';

3799 app.FeatureExtractionLabel_19.Position = [111 23 62 28];

3800 app.FeatureExtractionLabel_19.Text = {'Feature'; ' Extraction'};

3801

3802 % Create Button_57

3803 app.Button_57 = uibutton(app.EnsembleTab_5, 'push');

3804 app.Button_57.Icon = '7.png';

3805 app.Button_57.BackgroundColor = [1 1 1];

3806 app.Button_57.FontName = 'Arial';

3807 app.Button_57.FontWeight = 'bold';

3808 app.Button_57.Position = [197 50 61 45];

3809 app.Button_57.Text = '';

3810

3811 % Create PredictionLabel_19

3812 app.PredictionLabel_19 = uilabel(app.EnsembleTab_5);

3813 app.PredictionLabel_19.HorizontalAlignment = 'center';

3814 app.PredictionLabel_19.FontName = 'Arial';

3815 app.PredictionLabel_19.FontSize = 11;

3816 app.PredictionLabel_19.FontWeight = 'bold';

3817 app.PredictionLabel_19.Position = [198 23 61 22];

3818 app.PredictionLabel_19.Text = 'Prediction';

3819

3820 % Create Image_19

3821 app.Image_19 = uiimage(app.EnsembleTab_5);

3822 app.Image_19.ScaleMethod = 'stretch';

3823 app.Image_19.Position = [478 138 214 176];

3824 app.Image_19.ImageSource = '11.PNG';

3825

3826 % Create ResultTextArea_19Label

3827 app.ResultTextArea_19Label = uilabel(app.EnsembleTab_5);

3828 app.ResultTextArea_19Label.BackgroundColor = [1 1 1];

3829 app.ResultTextArea_19Label.HorizontalAlignment = 'center';

3830 app.ResultTextArea_19Label.FontName = 'Arial';

3831 app.ResultTextArea_19Label.FontWeight = 'bold';

3832 app.ResultTextArea_19Label.Position = [569 84 41 22];

3833 app.ResultTextArea_19Label.Text = 'Result';

3834

3835 % Create ResultTextArea_19

3836 app.ResultTextArea_19 = uitextarea(app.EnsembleTab_5);

3837 app.ResultTextArea_19.HorizontalAlignment = 'center';

3838 app.ResultTextArea_19.FontName = 'Arial';

3839 app.ResultTextArea_19.FontWeight = 'bold';

3840 app.ResultTextArea_19.Position = [461 15 245 62];

3841

3842 % Create NeuralNetworkTab_5

3843 app.NeuralNetworkTab_5 = uitab(app.TabGroup2_5);

3844 app.NeuralNetworkTab_5.Title = 'Neural Network';

3845

3846 % Create Button_58

3847 app.Button_58 = uibutton(app.NeuralNetworkTab_5, 'push');

3848 app.Button_58.ButtonPushedFcn = createCallbackFcn(app, @Button_58Pushed,

true);↪→

3849 app.Button_58.Icon = 'import.png';

3850 app.Button_58.BackgroundColor = [1 1 1];

3851 app.Button_58.FontName = 'Arial';

3852 app.Button_58.FontWeight = 'bold';

3853 app.Button_58.FontColor = [1 1 1];

3854 app.Button_58.Position = [38 53 46 45];

3855 app.Button_58.Text = '';

3856

3857 % Create ImportfileLabel_20

3858 app.ImportfileLabel_20 = uilabel(app.NeuralNetworkTab_5);

3859 app.ImportfileLabel_20.HorizontalAlignment = 'center';

3860 app.ImportfileLabel_20.FontName = 'Arial';

3861 app.ImportfileLabel_20.FontSize = 11;

3862 app.ImportfileLabel_20.FontWeight = 'bold';

3863 app.ImportfileLabel_20.Position = [33 26 62 22];

3864 app.ImportfileLabel_20.Text = 'Import file';

3865

3866 % Create Button_59

3867 app.Button_59 = uibutton(app.NeuralNetworkTab_5, 'push');

3868 app.Button_59.ButtonPushedFcn = createCallbackFcn(app, @Button_59Pushed,

true);↪→

3869 app.Button_59.Icon = '4.png';

3870 app.Button_59.BackgroundColor = [1 1 1];

3871 app.Button_59.FontName = 'Arial';

3872 app.Button_59.FontWeight = 'bold';

3873 app.Button_59.Position = [119 53 43 45];

3874 app.Button_59.Text = '';

3875

3876 % Create FeatureExtractionLabel_20

3877 app.FeatureExtractionLabel_20 = uilabel(app.NeuralNetworkTab_5);

3878 app.FeatureExtractionLabel_20.HorizontalAlignment = 'center';

3879 app.FeatureExtractionLabel_20.FontName = 'Arial';

3880 app.FeatureExtractionLabel_20.FontSize = 11;

3881 app.FeatureExtractionLabel_20.FontWeight = 'bold';

3882 app.FeatureExtractionLabel_20.Position = [111 23 62 28];

3883 app.FeatureExtractionLabel_20.Text = {'Feature'; ' Extraction'};

3884

3885 % Create Button_60

3886 app.Button_60 = uibutton(app.NeuralNetworkTab_5, 'push');

3887 app.Button_60.Icon = '7.png';

3888 app.Button_60.BackgroundColor = [1 1 1];

3889 app.Button_60.FontName = 'Arial';

3890 app.Button_60.FontWeight = 'bold';

3891 app.Button_60.Position = [197 50 61 45];

3892 app.Button_60.Text = '';

3893

3894 % Create PredictionLabel_20

3895 app.PredictionLabel_20 = uilabel(app.NeuralNetworkTab_5);

3896 app.PredictionLabel_20.HorizontalAlignment = 'center';

3897 app.PredictionLabel_20.FontName = 'Arial';

3898 app.PredictionLabel_20.FontSize = 11;

3899 app.PredictionLabel_20.FontWeight = 'bold';

3900 app.PredictionLabel_20.Position = [198 23 61 22];

3901 app.PredictionLabel_20.Text = 'Prediction';

3902

3903 % Create Image_20

3904 app.Image_20 = uiimage(app.NeuralNetworkTab_5);

3905 app.Image_20.ScaleMethod = 'stretch';

3906 app.Image_20.Position = [478 138 214 176];

3907 app.Image_20.ImageSource = '11.PNG';

3908

3909 % Create ResultTextArea_20Label

3910 app.ResultTextArea_20Label = uilabel(app.NeuralNetworkTab_5);

3911 app.ResultTextArea_20Label.BackgroundColor = [1 1 1];

3912 app.ResultTextArea_20Label.HorizontalAlignment = 'center';

3913 app.ResultTextArea_20Label.FontName = 'Arial';

3914 app.ResultTextArea_20Label.FontWeight = 'bold';

3915 app.ResultTextArea_20Label.Position = [569 84 41 22];

3916 app.ResultTextArea_20Label.Text = 'Result';

3917

3918 % Create ResultTextArea_20

3919 app.ResultTextArea_20 = uitextarea(app.NeuralNetworkTab_5);

3920 app.ResultTextArea_20.HorizontalAlignment = 'center';

3921 app.ResultTextArea_20.FontName = 'Arial';

3922 app.ResultTextArea_20.FontWeight = 'bold';

3923 app.ResultTextArea_20.Position = [461 15 245 62];

3924

3925 % Create FrequencyDomainTab_5

3926 app.FrequencyDomainTab_5 = uitab(app.TabGroup_5);

3927 app.FrequencyDomainTab_5.Title = 'Frequency Domain';

3928

3929 % Show the figure after all components are created

3930 app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure.Visible = 'on';

3931 end

3932 end

3933

3934 % App creation and deletion

3935 methods (Access = public)

3936

3937 % Construct app

3938 function app = app2

3939

3940 % Create UIFigure and components

3941 createComponents(app)

3942

3943 % Register the app with App Designer

3944 registerApp(app, app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure)

3945

3946 if nargout == 0

3947 clear app

3948 end

3949 end

3950

3951 % Code that executes before app deletion

3952 function delete(app)

3953

3954 % Delete UIFigure when app is deleted

3955 delete(app.FaultDiagnosticofInductionMotorbyAhsanUllahUIFigure)

3956 end

3957 end

3958 end
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ACS712 Current Sensor 

Basic Overview 

 

The ACS712 Current Sensors offered on the internet are designed to be easily used with micro controllers like the 
Arduino. 

These sensors are based on the Allegro ACS712ELC chip. 

These current sensors are offered with full scale values of 5A, 20A and 30A. 

The basic functional operation of each of these devices is identical. The only difference is with the scale factor at the 
output as detailed below. 

Sensor Specifications 

  5A Module 20A Module 30A Module 

Supply Voltage (VCC) 5Vdc Nominal 5Vdc Nominal 5Vdc Nominal 

Measurement Range -5 to +5 Amps -20 to +20 Amps -30 to +30 Amps 

Voltage at 0A VCC/2 
(nominally 2.5Vdc) 

VCC/2 
(nominally 2.5Vdc) 

VCC/2 
(nominally 2.5VDC) 

Scale Factor 185 mV per Amp 100 mV per Amp 66 mV per Amp 

Chip ACS712ELC-05A ACS712ELC-10A ACS712ELC-30A 

 ACS712 Module Pin Outs and Connections 

The picture below identifies the pin outs for the ACS172 Modules. 

Pay attention to the polarity at the load end of the device.   If you are connected as illustrated below, the output will 
raise.  If you connect it opposite of this picture, the output will decrease from the 2.5 volt offset. 



 

 

Basic Hook Up and Functional Description 

As mentioned before, these modules are primarily designed for use with micro-controllers like the Arduino.    In those 
applications,  the connections would be as picture below: 

 

  

If the light bulb shown in the picture above were disconnected, the output of the ACS712 module would be 2.500 volts. 

Once connected, the output would be scaled to the current drawn through the bulb.   If this were a 5 Amp module and 
the light bulb pulled 1 Amp, the output of the module would be 2.685 volts. 

Now imagine the battery polarity reversed.   Using the same 5A module, the output would be 2.315 volts. 

IMPORTANT NOTE –  This device is a Hall Effect transducer.  It should not be used near significant magnetic fields. 

 

  



 

Small, Low Power, 3-Axis ±3 g
Accelerometer

   ADXL335
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FEATURES 
3-axis sensing 
Small, low profile package 

4 mm × 4 mm × 1.45 mm LFCSP 
Low power : 350 μA (typical) 
Single-supply operation: 1.8 V to 3.6 V 
10,000 g shock survival 
Excellent temperature stability 
BW adjustment with a single capacitor per axis 
RoHS/WEEE lead-free compliant 
 

APPLICATIONS 
Cost sensitive, low power, motion- and tilt-sensing 

applications 
Mobile devices 
Gaming systems 
Disk drive protection 
Image stabilization 
Sports and health devices 

GENERAL DESCRIPTION 
The ADXL335 is a small, thin, low power, complete 3-axis accel-
erometer with signal conditioned voltage outputs. The product 
measures acceleration with a minimum full-scale range of ±3 g. 
It can measure the static acceleration of gravity in tilt-sensing 
applications, as well as dynamic acceleration resulting from 
motion, shock, or vibration.  

The user selects the bandwidth of the accelerometer using the 
CX, CY, and CZ capacitors at the XOUT, YOUT, and ZOUT pins. 
Bandwidths can be selected to suit the application, with a 
range of 0.5 Hz to 1600 Hz for the X and Y axes, and a range  
of 0.5 Hz to 550 Hz for the Z axis. 

The ADXL335 is available in a small, low profile, 4 mm ×  
4 mm × 1.45 mm, 16-lead, plastic lead frame chip scale package 
(LFCSP_LQ). 
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SPECIFICATIONS 
TA = 25°C, VS = 3 V, CX = CY = CZ = 0.1 μF, acceleration = 0 g, unless otherwise noted. All minimum and maximum specifications are 
guaranteed. Typical specifications are not guaranteed. 

Table 1.  
Parameter Conditions Min Typ Max Unit 
SENSOR INPUT Each axis     

Measurement Range  ±3 ±3.6  g 

Nonlinearity % of full scale  ±0.3  % 
Package Alignment Error   ±1  Degrees 
Interaxis Alignment Error   ±0.1  Degrees 
Cross-Axis Sensitivity1   ±1  % 

SENSITIVITY (RATIOMETRIC)2 Each axis     
Sensitivity at XOUT, YOUT, ZOUT VS = 3 V 270 300 330 mV/g 
Sensitivity Change Due to Temperature3 VS = 3 V   ±0.01  %/°C 

ZERO g BIAS LEVEL (RATIOMETRIC)      
0 g Voltage at XOUT, YOUT VS = 3 V 1.35 1.5 1.65 V 
0 g Voltage at ZOUT VS = 3 V 1.2 1.5 1.8 V 
0 g Offset vs. Temperature   ±1  mg/°C 

NOISE PERFORMANCE      
Noise Density XOUT, YOUT   150  μg/√Hz rms 
Noise Density ZOUT   300  μg/√Hz rms 

FREQUENCY RESPONSE4      
Bandwidth XOUT, YOUT

5 No external filter  1600  Hz 

Bandwidth ZOUT
5 No external filter  550  Hz 

RFILT Tolerance   32 ± 15%  kΩ 
Sensor Resonant Frequency   5.5  kHz 

SELF-TEST6      
Logic Input Low   +0.6  V 
Logic Input High   +2.4  V 

ST Actuation Current   +60  μA 
Output Change at XOUT Self-Test 0 to Self-Test 1 −150 −325 −600 mV 
Output Change at YOUT Self-Test 0 to Self-Test 1 +150 +325 +600 mV 
Output Change at ZOUT Self-Test 0 to Self-Test 1 +150 +550 +1000 mV 

OUTPUT AMPLIFIER      
Output Swing Low No load  0.1  V 
Output Swing High No load  2.8  V 

POWER SUPPLY      
Operating Voltage Range  1.8  3.6 V 
Supply Current VS = 3 V  350  μA 

Turn-On Time7 No external filter  1  ms 
TEMPERATURE      

Operating Temperature Range  −40  +85 °C 
 
1 Defined as coupling between any two axes. 
2 Sensitivity is essentially ratiometric to VS.  
3 Defined as the output change from ambient-to-maximum temperature or ambient-to-minimum temperature. 
4 Actual frequency response controlled by user-supplied external filter capacitors (CX, CY, CZ). 
5 Bandwidth with external capacitors = 1/(2 × π × 32 kΩ × C). For CX, CY = 0.003 μF, bandwidth = 1.6 kHz. For CZ = 0.01 μF, bandwidth = 500 Hz. For CX, CY, CZ = 10 μF, 

bandwidth = 0.5 Hz.  
6 Self-test response changes cubically with VS. 
7 Turn-on time is dependent on CX, CY, CZ and is approximately 160 × CX or CY or CZ + 1 ms, where CX, CY, CZ are in microfarads (μF).  
 

 

 



ADXL335  
 

Rev. B | Page 4 of 16 

ABSOLUTE MAXIMUM RATINGS 
Table 2.  
Parameter Rating 
Acceleration (Any Axis, Unpowered) 10,000 g 
Acceleration (Any Axis, Powered) 10,000 g 
VS −0.3 V to +3.6 V 
All Other Pins (COM − 0.3 V) to (VS + 0.3 V) 
Output Short-Circuit Duration  

(Any Pin to Common) 
Indefinite 

Temperature Range (Powered) −55°C to +125°C 
Temperature Range (Storage) −65°C to +150°C 

 

Stresses above those listed under Absolute Maximum Ratings 
may cause permanent damage to the device. This is a stress 
rating only; functional operation of the device at these or any 
other conditions above those indicated in the operational 
section of this specification is not implied. Exposure to absolute 
maximum rating conditions for extended periods may affect 
device reliability. 

 

ESD CAUTION 
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PIN CONFIGURATION AND FUNCTION DESCRIPTIONS 
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Figure 2. Pin Configuration 

 

Table 3. Pin Function Descriptions 
Pin No. Mnemonic Description 
1 NC No Connect.1 
2 ST Self-Test. 
3 COM Common. 
4 NC No Connect.1 
5 COM Common. 
6 COM Common. 
7 COM Common. 
8 ZOUT Z Channel Output. 
9 NC No Connect.1 
10 YOUT Y Channel Output. 
11 NC No Connect. 1 
12 XOUT X Channel Output. 
13 NC No Connect. 1 
14 VS Supply Voltage (1.8 V to 3.6 V). 
15 VS Supply Voltage (1.8 V to 3.6 V). 
16 NC No Connect. 1 
EP Exposed Pad Not internally connected. Solder for mechanical integrity. 
 
1 NC pins are not internally connected and can be tied to COM pins, unless otherwise noted. 
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TYPICAL PERFORMANCE CHARACTERISTICS 
N > 1000 for all typical performance plots, unless otherwise noted. 
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Figure 3. X-Axis Zero g Bias at 25°C, VS = 3 V 
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Figure 4. Y-Axis Zero g Bias at 25°C, VS = 3 V 
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Figure 9. X-Axis Zero g Bias Temperature Coefficient, VS = 3 V 
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Figure 10. Y-Axis Zero g Bias Temperature Coefficient, VS = 3 V 
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Figure 11. Z-Axis Zero g Bias Temperature Coefficient, VS = 3 V 
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Figure 12. X-Axis Zero g Bias vs. Temperature— 
Eight Parts Soldered to PCB 
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Figure 13. Y-Axis Zero g Bias vs. Temperature— 
Eight Parts Soldered to PCB 
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Figure 14. Z-Axis Zero g Bias vs. Temperature— 
Eight Parts Soldered to PCB 
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Figure 15. X-Axis Sensitivity at 25°C, VS = 3 V 
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Figure 16. Y-Axis Sensitivity at 25°C, VS = 3 V 

%
 O

F 
PO

PU
LA

TI
O

N

SENSITIVITY (V/g)

0

5

10

15

20

0.285 0.288 0.291 0.294 0.297 0.300 0.303 0.306 0.309 0.312 0.315

25

07
80

8-
01

9

Figure 17. Z-Axis Sensitivity at 25°C, VS = 3 V 
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Figure 18. X-Axis Sensitivity vs. Temperature— 
Eight Parts Soldered to PCB, VS = 3 V 
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Figure 19. Y-Axis Sensitivity vs. Temperature— 
Eight Parts Soldered to PCB, VS = 3 V 
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Figure 20. Z-Axis Sensitivity vs. Temperature— 
Eight Parts Soldered to PCB, VS = 3 V 
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Figure 21. Typical Current Consumption vs. Supply Voltage 
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Figure 22. Typical Turn-On Time, VS = 3 V  

 

 



ADXL335  
 

Rev. B | Page 10 of 16 

THEORY OF OPERATION 
The ADXL335 is a complete 3-axis acceleration measurement 
system. The ADXL335 has a measurement range of ±3 g mini-
mum. It contains a polysilicon surface-micromachined sensor 
and signal conditioning circuitry to implement an open-loop 
acceleration measurement architecture. The output signals are 
analog voltages that are proportional to acceleration. The 
accelerometer can measure the static acceleration of gravity  
in tilt-sensing applications as well as dynamic acceleration 
resulting from motion, shock, or vibration. 

The sensor is a polysilicon surface-micromachined structure 
built on top of a silicon wafer. Polysilicon springs suspend the 
structure over the surface of the wafer and provide a resistance 
against acceleration forces. Deflection of the structure is meas-
ured using a differential capacitor that consists of independent 
fixed plates and plates attached to the moving mass. The fixed 
plates are driven by 180° out-of-phase square waves. Acceleration 
deflects the moving mass and unbalances the differential capacitor 
resulting in a sensor output whose amplitude is proportional to 
acceleration. Phase-sensitive demodulation techniques are then 
used to determine the magnitude and direction of the 
acceleration. 

The demodulator output is amplified and brought off-chip 
through a 32 kΩ resistor. The user then sets the signal 
bandwidth of the device by adding a capacitor. This filtering 
improves measurement resolution and helps prevent aliasing. 

MECHANICAL SENSOR 
The ADXL335 uses a single structure for sensing the X, Y, and  
Z axes. As a result, the three axes’ sense directions are highly 
orthogonal and have little cross-axis sensitivity. Mechanical 
misalignment of the sensor die to the package is the chief 
source of cross-axis sensitivity. Mechanical misalignment  
can, of course, be calibrated out at the system level. 

PERFORMANCE 
Rather than using additional temperature compensation circui-
try, innovative design techniques ensure that high performance 
is built in to the ADXL335. As a result, there is no quantization 
error or nonmonotonic behavior, and temperature hysteresis  
is very low (typically less than 3 mg over the −25°C to +70°C 
temperature range).  
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APPLICATIONS INFORMATION 
POWER SUPPLY DECOUPLING 
For most applications, a single 0.1 μF capacitor, CDC, placed 
close to the ADXL335 supply pins adequately decouples the 
accelerometer from noise on the power supply. However, in 
applications where noise is present at the 50 kHz internal clock 
frequency (or any harmonic thereof), additional care in power 
supply bypassing is required because this noise can cause errors 
in acceleration measurement.  

If additional decoupling is needed, a 100 Ω (or smaller) resistor 
or ferrite bead can be inserted in the supply line. Additionally, a 
larger bulk bypass capacitor (1 μF or greater) can be added in 
parallel to CDC. Ensure that the connection from the ADXL335 
ground to the power supply ground is low impedance because 
noise transmitted through ground has a similar effect to noise 
transmitted through VS. 

SETTING THE BANDWIDTH USING CX, CY, AND CZ 
The ADXL335 has provisions for band limiting the XOUT, YOUT, 
and ZOUT pins. Capacitors must be added at these pins to imple-
ment low-pass filtering for antialiasing and noise reduction. The 
equation for the 3 dB bandwidth is 

F−3 dB = 1/(2π(32 kΩ) × C(X, Y, Z)) 

or more simply  

F–3 dB = 5 μF/C(X, Y, Z) 

The tolerance of the internal resistor (RFILT) typically varies as 
much as ±15% of its nominal value (32 kΩ), and the bandwidth 
varies accordingly. A minimum capacitance of 0.0047 μF for CX, 
CY, and CZ is recommended in all cases. 

Table 4. Filter Capacitor Selection, CX, CY, and CZ 
Bandwidth (Hz) Capacitor (μF) 
1 4.7 
10 0.47 
50 0.10 
100 0.05 
200 0.027 
500 0.01 

SELF-TEST 
The ST pin controls the self-test feature. When this pin is set to 
VS, an electrostatic force is exerted on the accelerometer beam. 
The resulting movement of the beam allows the user to test if 
the accelerometer is functional. The typical change in output  
is −1.08 g (corresponding to −325 mV) in the X-axis, +1.08 g 
(or +325 mV) on the Y-axis, and +1.83 g (or +550 mV) on the 
Z-axis. This ST pin can be left open-circuit or connected to 
common (COM) in normal use. 

 

 

Never expose the ST pin to voltages greater than VS + 0.3 V.  
If this cannot be guaranteed due to the system design (for 
instance, if there are multiple supply voltages), then a low  
VF clamping diode between ST and VS is recommended. 

DESIGN TRADE-OFFS FOR SELECTING FILTER 
CHARACTERISTICS: THE NOISE/BW TRADE-OFF 
The selected accelerometer bandwidth ultimately determines 
the measurement resolution (smallest detectable acceleration). 
Filtering can be used to lower the noise floor to improve the 
resolution of the accelerometer. Resolution is dependent on  
the analog filter bandwidth at XOUT, YOUT, and ZOUT.  

The output of the ADXL335 has a typical bandwidth of greater 
than 500 Hz. The user must filter the signal at this point to  
limit aliasing errors. The analog bandwidth must be no more 
than half the analog-to-digital sampling frequency to minimize 
aliasing. The analog bandwidth can be further decreased to 
reduce noise and improve resolution. 

The ADXL335 noise has the characteristics of white Gaussian 
noise, which contributes equally at all frequencies and is 
described in terms of μg/√Hz (the noise is proportional to the 
square root of the accelerometer bandwidth). The user should 
limit bandwidth to the lowest frequency needed by the applica-
tion to maximize the resolution and dynamic range of the 
accelerometer. 

With the single-pole, roll-off characteristic, the typical noise of 
the ADXL335 is determined by 

)1.6( ××= BWDensityNoiseNoiserms  

It is often useful to know the peak value of the noise. Peak-to-
peak noise can only be estimated by statistical methods. Table 5 
is useful for estimating the probabilities of exceeding various 
peak values, given the rms value. 

Table 5. Estimation of Peak-to-Peak Noise 

Peak-to-Peak Value 
% of Time That Noise Exceeds 
Nominal Peak-to-Peak Value 

2 × rms 32 
4 × rms 4.6 
6 × rms 0.27 
8 × rms 0.006 
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USE WITH OPERATING VOLTAGES OTHER THAN 3 V 
The ADXL335 is tested and specified at VS = 3 V; however, it 
can be powered with VS as low as 1.8 V or as high as 3.6 V. Note 
that some performance parameters change as the supply voltage 
is varied. 

The ADXL335 output is ratiometric, therefore, the output 
sensitivity (or scale factor) varies proportionally to the  
supply voltage. At VS = 3.6 V, the output sensitivity is typi- 
cally 360 mV/g. At VS = 2 V, the output sensitivity is typically 
195 mV/g. 

The zero g bias output is also ratiometric, thus the zero g  
output is nominally equal to VS/2 at all supply voltages. 

The output noise is not ratiometric but is absolute in volts; 
therefore, the noise density decreases as the supply voltage 
increases. This is because the scale factor (mV/g) increases 
while the noise voltage remains constant. At VS = 3.6 V,  
the X-axis and Y-axis noise density is typically 120 μg/√Hz, 
whereas at VS = 2 V, the X-axis and Y-axis noise density is 
typically 270 μg/√Hz. 

Self-test response in g is roughly proportional to the square of 
the supply voltage. However, when ratiometricity of sensitivity 
is factored in with supply voltage, the self-test response in volts 
is roughly proportional to the cube of the supply voltage. For 
example, at VS = 3.6 V, the self-test response for the ADXL335 
 is approximately −560 mV for the X-axis, +560 mV for the  
Y-axis, and +950 mV for the Z-axis.  

At VS = 2 V, the self-test response is approximately −96 mV for 
the X-axis, +96 mV for the Y-axis, and −163 mV for the Z-axis. 

The supply current decreases as the supply voltage decreases. 
Typical current consumption at VS = 3.6 V is 375 μA, and typi-
cal current consumption at VS = 2 V is 200 μA. 
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Figure 23. Axes of Acceleration Sensitivity; Corresponding Output Voltage 

Increases When Accelerated Along the Sensitive Axis. 
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Figure 24. Output Response vs. Orientation to Gravity 
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LAYOUT AND DESIGN RECOMMENDATIONS 
The recommended soldering profile is shown in Figure 25 followed by a description of the profile features in Table 6. The recommended 
PCB layout or solder land drawing is shown in Figure 26.  
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Figure 25. Recommended Soldering Profile 

 

Table 6. Recommended Soldering Profile  
Profile Feature Sn63/Pb37 Pb-Free 
Average Ramp Rate (TL to TP) 3°C/sec max  3°C/sec max 
Preheat   

Minimum Temperature (TSMIN) 100°C 150°C 
Maximum Temperature (TSMAX) 150°C 200°C 
Time (TSMIN to TSMAX)(tS) 60 sec to 120 sec 60 sec to 180 sec 

TSMAX to TL   
Ramp-Up Rate 3°C/sec max 3°C/sec max 

Time Maintained Above Liquidous (TL)   
Liquidous Temperature (TL) 183°C 217°C 
Time (tL) 60 sec to 150 sec 60 sec to 150 sec 

Peak Temperature (TP) 240°C + 0°C/−5°C 260°C + 0°C/−5°C 
Time Within 5°C of Actual Peak Temperature (tP) 10 sec to 30 sec 20 sec to 40 sec 
Ramp-Down Rate 6°C/sec max  6°C/sec max 
Time 25°C to Peak Temperature 6 minutes max 8 minutes max 
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Figure 26. Recommended PCB Layout 
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OUTLINE DIMENSIONS 
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Figure 27. 16-Lead Lead Frame Chip Scale Package [LFCSP_LQ] 

4 mm × 4 mm Body, 1.45 mm Thick Quad 
(CP-16-14) 

Dimensions shown in millimeters 

 

ORDERING GUIDE 
Model1 Measurement Range Specified Voltage  Temperature Range Package Description Package Option 
ADXL335BCPZ ±3 g 3 V −40°C to +85°C 16-Lead LFCSP_LQ CP-16-14 
ADXL335BCPZ–RL ±3 g 3 V −40°C to +85°C 16-Lead LFCSP_LQ CP-16-14 
ADXL335BCPZ–RL7 ±3 g 3 V −40°C to +85°C 16-Lead LFCSP_LQ CP-16-14 
EVAL-ADXL335Z    Evaluation Board  
 
1 Z = RoHS Compliant Part. 
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