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Abstract
This thesis presents a comprehensive examination of the vibration analysis of spur gear drives. Spur
gears are widely utilized in various mechanical systems due to their simplicity, efficiency, and cost-
effectiveness. However, the dynamic behaviour of gears under different loads and operating
conditionscan result in vibration and noise problems, which may lead to premature failure of the
gears and othersystem components. Therefore, it is crucial to analyse the vibration characteristics of
spur gear drivesto ensure reliable and efficient operation. In this study, we investigate the vibration
behaviour of spurgear drives using experimental techniques. By analysing the vibration signals with
various signal processing methods, we extract frequency and amplitude information. Additionally,
we examine the influence of different parameters such as mean, median, mode, kurtosis, skewness,
entropy, and RMS value on the vibration behaviour of spur gears. Our findings reveal that these
parameters significantlyimpact the vibration behaviour of spur gears. Furthermore, we analyse the
dynamic behaviour of the entire mechanical system using LABVIEW software. Through simulation
results, we gain a better understanding of the dynamic behaviour of gears, aiding in the optimization
of design parameters to minimize vibration. By studying the vibration characteristics and
employing advanced analysistechniques, we aim to ensure the reliable and efficient operation of
spur gear drives, reducing the likelihood of premature failure and improving overall system
performance.

Keywords: mean, median, mode, kurtosis, skewness, entropy, RMS value, Experimental Setup,
Fault Diagnosis, Vibration Analysis, Lab View Software, Decision Tree, Random Forest, KNN
algorithm.

Introduction

Gears play a vital role in various industrial applications, such as gearboxes and machine tools. The
failure of gears can lead to significant financial losses. Therefore, ensuring their proper functioning
has become increasingly crucial in recent years. One of the commonly used methods for detecting
andpreventing gear faults is vibration analysis. Vibration analysis has gained popularity due to its
effectiveness in early fault detection and prevention. It involves examining the vibrations produced
by rotating machinery and structures to assess their operational conditions and status. These
vibrations can originate from various sources, including rotating shafts, gear teeth meshing, rolling
bearing elements, rotating electric fields, fluid flows, combustion events, structural resonance, and
angular rotations.

Several vibration analysis techniques are widely employed for gearbox diagnosis. These techniques
include waveform analysis, time-frequency analysis, fast Fourier transform (FFT), spectral analysis,
order analysis, time synchronous average, and probability density moments. Each technique offers
unique insights into the condition of the gears and helps identify potential faults at an early stage.
By utilizing these vibration analysis techniques, engineers and maintenance professionals can
effectively monitor the health of gears in gearboxes and other machinery. This proactive approach
enables them to detect faults before they escalate into more severe issues, leading to costly
downtimeand repairs.

1.1 Vibration Analysis
Vibration analysis is a technique used to monitor and analyze the patterns of vibrations in a signal.
It involves studying both the time waveform and the frequency spectrum of the signal. In the time
domainanalysis, recorded vibration waveforms are examined to identify abnormal vibration
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events and understand their occurrence. Various parameters such as root-mean-square (RMS), peak
amplitude, standard deviation, kurtosis, crest factor, and skewness are used to assess the condition
of the monitored targets. This analysis provides an overall evaluation of the targets' health status.
However, in complex machines with multiple components, the vibration signals consist of a mixture
of vibrationsfrom each rotating component. This makes it challenging to analyze the condition of
critical components like gears, bearings, and shafts using only time waveforms. Therefore,
frequency spectrum analysis is essential in real-world applications, particularly in rotating
machinery, in additionto time domain analysis. Vibration analysis can be conducted in both the time
domain and the frequency domain. Time domain analysis is employed to monitor vibration levels
and establish acceptable operation vibration limits. If these limits are exceeded, it may indicate a
deterioration in theoverall health condition of the machine and the development of defects. On the
other hand, frequencydomain analysis is effective in detecting abnormal vibration patterns that may
be hidden or masked by other vibrations in the time waveform. For example, it can identify the
periodic collisions caused by acrack on a roller bearing outer race. By analyzing the frequency
spectrum, the periodicity of these collisions can be detected, leading to the identification of bearing
faults.

1.2 Machine Learning Overview

Poe o

Currently, vibration analysis has evolved to incorporate machine learning techniques, which offer a
modern approach for automating the process of learning from input data and making decisions
withoutheavy reliance on human intervention. In this particular study, the focus is on evaluating the
effectiveness of a machine learning-based system for diagnosing gear faults, specifically
misalignmentand broken teeth. The study does not consider combinations of these defects. The
experimental setup involves a paired spur gear shaft, driven by a variable speed motor with a belt
drive, and a data acquisition system for capturing vibrational signals. Vibration signals from three
classes, including signals from a healthy gear, were collected. TensorFlow, a popular machine
learning framework, was employed to implement the machine learning models. The proposed
method successfully detects gear defects while the machine is operating, and it offers speed and
automation, thereby minimizing the need for human intervention.

SCOPE

To identify faults in gears and replace it with healthy gear.

To remove faulty gears by analyzing vibrations.

To avoid the catastrophic failure in the whole system.

To increase safety standards of gear drive machines.

Vibration analysis is a valuable tool for ensuring the reliability of gear drives. By identifying and
addressing problems early, vibration analysis can help to prevent costly downtime and equipment
failures.

Vibration analysis is a non-destructive method of detecting and assessing the condition of rotating
machinery. It is used to identify problems with gears, bearings, shafts, and other components before
they cause a failure.
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Fig.1: Experimental'ééfup in Solid works
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In the above setup the motor is connected to the shaft. Shaft is rotated at some speed. Four spur
gearsare mounted on the shaft & each shaft contains two gears. The spur gears are meshed. P205
(Pillow Bearing) is used to support shaft and for smooth rotation. The VFD is used to control the
speed of themotor. Do vibrational analysis of healthy and faulty gear using Fast Fourier transformer
(FFT). In labview first we get vibration graph with respect to time domain then we will convert it
into frequency domain. Then compare the graph of both gears. We can able to analyse faulty and
healthy gear.

Fig.1.1: Experimental Setup
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Fig.1.2: Experimental Setup
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Fig.1.3: Finding speed with the help of Tachometer
IV. COMPONENT SPECIFICATIONS
4.1 GEARS

Fig.2: Gears
Gears play a crucial role in various industrial applications, such as machine tools and
gearboxes. However, unexpected gear failure can result in significant economic losses. To prevent
such failures, researchers have focused on fault diagnosis in gears. Vibration signal analysis is a
widely used technique for detecting faults in rotating machinery, and it can also be used to detect
faults in gears. Byanalysing the vibration signal of a gearbox, engineers can identify the signature of
faults in the gears and perform early fault detection using various signal processing techniques. This
paper provides a review of current vibration analysis techniques for monitoring gear condition.
4.1.1 Gear 1

Fig.3: Gear 1
UGC CARE Group-1, 164
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Specifications:

Number of teeth’s (n): 26
Module(m): 3.175
Pressure angle: 20
Quantity: 2

Material: En24

YVVYVYYV

IFig.4A: CAE) dra\;ving E)f Geér 1
4.1.2 Gear 2

Fig.5: Gear 2

Specifications:

Number of teeth’s (n): 22
Module(m): 3.175
Pressure angle: 20
Quantity: 2

Material: En24

YVVYVYY

rFig.6:¢ CADbdraWi‘ng of éear 2
4.2 Bearing
A bearing is a component used in machinery that limits any undesirable motion and minimizes

UGC CARE Group-1, 165



YV VYV

n
~ut Dl.,‘)
c <,

Industrial Engineering Journal
ISSN: 0970-2555
Volume : 52, Issue 6, No. 4, June : 2023

E
s

friction between the moving parts. It can enable linear or rotational movement or control the forces
acting on the moving parts. The design of bearings aims to facilitate the desired motion while
reducingfriction. They are generally categorized based on the type of operation, allowed motions, or
the directions of the applied loads.

Fig.7: Pillow Bearing(P205)
Specifications:
Name of Bearing: P205 (pillow bearing)
Inner Diameter: 25mm
Width: 34mm
Quantity: 4

4.3 Motor

An induction motor is an AC electric motor that uses electromagnetic induction to produce
torque in the rotor without the need for electrical connections. The rotor can be either wound or
squirrel-cage type. Three-phase squirrel-cage induction motors are commonly used in industrial
drives due to their self-starting capability, reliability, and cost-effectiveness. Single-phase induction
motors are suitable for smaller loads like household appliances. Induction motors were traditionally
used for fixed-speedapplications but are now used with variable-frequency drives for variable-speed
service, providing energy savings in applications like centrifugal fans, pumps, and compressors.
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Specifications:
» 3 Phase Induction Motor
> Power: 0.5hp
> Rpm: 1410
> Efficiency: 71%
4.

4 Variable Frequency Drive (VFD)

A variable-frequency drive (VFD) is an electro-mechanical device utilized to regulate the speed and
torque of AC motors by adjusting the frequency of the motor input. VFDs can also vary voltage or
current, depending on the specific design. They are employed in a wide range of devices, from
small appliances to large compressors. With the implementation of more stringent emission
standards and the growing demand for enhanced reliability and availability, electric drive systems
utilizing VFDs have garnered increased interest. These systems offer superior efficiency compared
to traditional methods that rely on throttling control of fluid flow, such as pumps with damper
control for fans. Despite these advantages, VFDs have yet to achieve significant market penetration

globally across alltheir applications.

Specifications:
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Fig.10: VFD

» Model No.: Mitsubishi D700, AC Drive, 1IKW-500KW, Three Phase

> Cost: 9500

V. Calculations

5.1 Gear parameter for 22 teeth

> Pressure Angle (¢) =20’
» Module(m)=3.175
> Teeth(z) =22

Terms Symbol Formula Value (mm)
Pitch circle diameter d Z*m 69.8500
Addendum ha 1.00*m 3.1750
Dedendum h¢ 1.25*m 3.9687
Tooth depth H 2.25*m 7.1437
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Addendum Diameter da d+2*m 76.2000
Dedendum Diameter ds d-2.5*m 63.5000
Table No 1 : Calculation For 22 Tooth Gear

5.2 Gear parameter for 26 teeth

» Pressure Angle (¢) =20’

» Module(m)=3.175

> Teeth(z) =26
Terms Symbol Formula 'Value (mm)
Pitch circle diameter d Z*m 82.5500
Addendum ha 1.00*m 3.1750
Dedendum hs 1.25*m 3.9687
Tooth depth H 2.25*m 7.1437
Addendum Diameter da d + 2*m 88.9000
Dedendum Diameter ds d-2.5*m 74.6125

Table No 2 : Calculation For 26 Tooth Gear
Lab View Setup

Fig.11: Lab View Setup
LabVIEW is a graphical programming environment commonly utilized by engineers to create
automated systems for research, validation, and production testing. It is particularly well-suited for
tasks such as data acquisition, instrument control, and industrial automation. In our specific
application using LabVIEW version 2022, we employ feature extraction techniques. Feature
extraction involves deriving meaningful information or characteristics from a given dataset.

6.1 Feature Extraction Using LabVIEW Software

Mean: The mean is a measure of central tendency that represents the average value of a dataset. It
is computed by adding up all the values and dividing the sum by the total number of values.

Mode: The mode is a measure of central tendency that identifies the value(s) that appear most
frequently in a dataset. A dataset can have multiple modes, or it may have no mode if all values
occurwith the same frequency.

Median: The median is a measure of central tendency that indicates the middle value of a dataset.
Todetermine the median, the data is arranged in ascending or descending order, and the value that
lies exactly in the middle is identified. In the case of an even number of values, the median is
calculated as the average of the two middle values.
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Skewness: Skewness quantifies the asymmetry of a probability distribution. A symmetric
distribution has a skewness of zero. If a distribution exhibits a longer tail on one side, it is
considered skewed in that direction. Skewness can be positive (longer right tail) or negative (longer
left tail).

Kurtosis: Kurtosis measures the "peakness” of a probability distribution. A distribution with high
kurtosis is characterized by a tall and narrow peak, indicating a greater concentration of data points
around the mean.

Entropy: Entropy gauges the amount of uncertainty or randomness present in a probability
distribution. It is computed as the sum of the probability of each possible outcome multiplied by the
logarithm of that probability.

RMS value: RMS, or root mean square, represents the average value of a varying set of values over
time. In the context of electrical engineering, it is used to calculate the effective voltage or current
of an AC signal. The RMS value is derived by taking the square root of the mean of the squared
values ofthe signal over a specific time period.6.2 LabVIEW Readings for Healthy Gears & Faulty
Gears

6.2.1 25% Defect Gear Analysis

1.

2

Driving Gear speed - 1010 RPMDriven

Gear Speed - 810 RPM Gear Mesh

Frequency - 351

Driving Gear speed -1110 RPMDriven Gear Speed - 950 RPM Gear Mesh Frequency - 411
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. Driving Gear speed -
1270 RPMDriven Gear Speed - 1050 RPM
Gear Mesh Frequency - 455
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6.2.2 100% Defect Gear Analysis
1. Driving Gear speed -

1110 RPMDriven Gear Speed - 850 RPM
Gear Mesh Frequency - 368
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Driving Gear speed -

2.
1150 RPMDriven Gear Speed - 970 RPM

Gear Mesh Frequency - 420

3. Driving Gear speed -1302 RPM Driven Gear
Speed - 1102 RPM Gear Mesh Frequency -

477
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6.2.3 Healthy Gear Analysis
1. Driving Gear speed -980 RPM Driven Gear
Speed - 830 RPM Gear Mesh Frequency -
360
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-~ -:
|
|
Al RARS O
2.Driving Gear speed -1130 RPM
Driven Gear Speed - 960 RPMGear Mesh
Frequency - 416
© T |
oy
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3 _Driving Gear speed -
ear Speed - 1080 RPM

1280 RPM Driven G
Gear Mesh Frequency - 469
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VIIL. RESULT AND DISCUSSION
A. By performing the experiments the following tables are obtained
For 25% tooth Faulty Gear
25% Crack
Speed Kurtosis Maximum
700 6.1385 2.3485
840 7.1169 2.7211
980 7.9255 3.6255
Table No 3 : For 25% tooth Faulty Gear
For 100% tooth Faulty Gear
100% Crack
Speed Kurtosis | Maximum
700 8.1710 3.5411
840 8.3230 4777
980 10.0886 4.9042
For Healthy Gear
Table No 4 : For 100% tooth Faulty Gear
100% Crack
Speed : -
Kurtosis | Maximum
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3.3453 5.1166
840 4.1967 5.1166
980 4.6795 5.1166

Table No 5 : For Healthy Gear

. The below graphs are obtained using these results. The plotted graph shows the comparison
between the Healthy Gear, 25% Tooth faulty Gear, 100% Tooth faulty gear

Comparison

4 L
o= = Healthy Gear
10 - ¥ [

—— 25% Defect /
~—— 100% Defect

il /
)
8 //
g 4 //
jaryr
g /
2 6 ,/
5
/__,4—--‘"
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r/‘_'//"‘
700 750 BOO 850 900 950
Speed

Fig No 12 : Analysis Of Gear Fault Depend on Kurtosis
From the graph plotted between kurtosis and speed, it is observed that for Healthy Gear the value of
kurtosis is between 1 to 5, for 25% Defect the value of Kurtosis is between 6 to 8 and for 100%

Defectthe value of Kurtosis is between 8 to 11.

Comparison
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1
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Fig No 13 : Analysis Of Gear Fault Depend on Maximum
From the graph plotted between Maximum and speed, it is observed that for Healthy Gear the value
of Maximum is constant, for 25% Defect the value of Maximum is between 1 to 3.5 and for 100%
Defect the value of Maximum is between 3.5t0 5
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MACHINE LEARNING

DETAILSTraining Model :-
~ MULTICLASS

import pickle

isport pandas as pd
isport nuspy as np
sklearn.setrics import confusion_msatrix
sklearn lsport metrics
sklearn.metrics import f1_score
sklearn.sodel selection ismport ¥Fold, StratifiedfFold, cross val score

from
from
from
from

from
from

warnings isport sisplefiliter

sklearn.setrics import roc_auc_score

of = pd.read_csv("F:\Zz Pecple\Sahil kanwalu\Dataset.csv™)

of .head( )

o

Sr
No

L2

oW

*ean

d.00040€
J.000c4ce
<0.001353

Standard

0.006018
C.00e018
0.00s534

0.00s627

Median

-0.001604
-0.001604
-0.004572

-0.005342

S.116662
5116662
S.116662
QOs1s7

Standard Sample
Devistion Variance

0.745537 0355825

0.745537 03555825

0535849 0470383

0E97333 0485357

perint{df.columns)

Index(| S No’, "Mean', ‘Standard Error’, "Median', ‘Mode’,
'Stancard Deviation', 'Sasple Variance', "¥urtosis®, 'Skewness’,
‘Range’, ‘Minisus’, ‘Maxisum’, "Sus’', “Count', 'Gear', 'y val'},

ctype="object’)

print{df.describe())

7.008035
7.008035
TA29519

5.138570

s No ¥ean Standard Error Modian Mode |\
count 300, 000600 300, 00008 306, . 300.
ecan 156, 500000 -0, BG1I6e5S 6.664517 -0.00s073 1.327799
sta 86.746758 6.0869621 6.801248 8.009992 2.545348
min 1.060c0e -9.845593 8.0e38es ~@,85058S 5.117423
25% 75.756e6e  -8.0e22235 6.003771 -8.906231 -8.056289
sex 156. 500000 <0.000453 6.004584 ~@.903258 8.852651
75X 225.250060 6.061331 6.085719 -8.000611 S5.116652
Bax 300, 000000 6.837519 ©6.0673841 @.834888 5.116662
Stancare Deviation Sasple Variance Kurtosis Skewness |\
count 360, M0eee0 300 000600 300.000000 300.000000
eean 8.597e38 8.338294 £.698369 @.173284
std 6.1S4680 @.1999¢5 2.811276 8.882239
ein 6.33823a1 0.148215 2.563405 e.009370
5% 6.487310 9.218379% S.367236 8.113853
sex 6.568125 6.322766 £.635274 @.158283
=R 0. 70as05 0.582411 7.972852 8.231248
x 8.97188Q0 6.944480 13.381982 8.382534
Range Minieum Vaxisus Sum Count \
count 386, 306, 306, 306, 300.
eean 8.189982 ~3.909273 4.238799 1£.202386 15359.300000
stTe 1.960a41 1.0373387 ©.947877 147.765351 8.45%023
uin 4. 004805 -S.117423 2.152156 -786.259498 15359.000000
5% €.290110 ~4.938353 3.458999 -35.101845 15359.000000
sex 8.87383S -4.112:147 4.762783 <6.953713 15359, 200000
7S 10.05561S ~2.885239 S.I16662 20.449421 15360.000000
nax 18.234884 -1.89187%¢ S.L16662 STE.252127 15360.000000
y_val
count 380, 0eeeed
scan 40, f000e
ste 48 8306,
uin 8. beccce
5% 6. fe0ese
sex PLN
7S 166, ecece
ax 166, 000ece
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peint(df.info()})

<class “pandas.core. frase.DatafFraee’>
RangeIndex: 38@ entries, @ to 299
Data columns (total 1€ columns):

3 Column Noo-Null Count Dtype

e Sr ho 380 non-null intes

b 4 Mean 386 non-null floatss
2 Stancard Ervor 38@ non-null floates
3 mecian 388 non-pell flcates
B Mode 386 non-null floates
s Stancarc Deviation 38€ non-nulil floatss
& Sasple Variance 396 pon-nxll flocatss
7 Kurtosis 386 non-null floatss
8 Skewness 380 non-nuell floatss
9 Ranrge 386 non-null floatss
18 Minisum 38© non-null floates
11 raxisum 386 non-null flcatss
12 Sum 38€ non-null floates
13 Count 38€ non-null intsa

14 Gear 396 non-nizll object

15 y val 386 non-pull intes

ctypes: floatsa{i12), intea(3), ocbiect(l)
momory usage: 37.64 KB
Noohe

int_colusnsedf.select_dtypes{include=‘int')
flcat _colusnsedf.select dtypes{include="float")

print{float_colusns.colusns}
print()
print{cat_colusns.columsns)

Ingex{{ 'Sr No', 'Count’, 'y _val'], ctype=‘cbiect'}

Incex{]| "Mean~, "Stancarg Error’, "Median®, "Mode', 'Standard Deviation’,
‘Sample Variance', 'Kurtcsisz’, 'Skewness', 'Range’, 'Minilsus’',
‘Maxisum®, ‘Sum”],
ctype="cbiect’)

Incex(| ‘Gear' ], ctype="cbject’)

from sklearn.preprocessing lsport LabelEncoder
lab=LabelEncoder()

¢f| "category ' j=lab.fit_transfors{df['y val'}])
¢f['Class'] = af['y val')

of| "‘class' J=lab.fit_transfors(df[ ‘Class'})
cf['Gear')] = lab.fit_transfors(df[ 'Gear'})

print{df.info())

<class ‘pancas.cove, frase. DataFrase’>
RangeIndex: 384 entries, @ to 299
Data columns {total 19 columns):

2 Colusn Koo -Rell Count Dtype
e Sr No 38e non-null intéa
1 mean 38€ non-null floates
2. Stancard Errer 386 non-nuell flocatss
3 Mecian 38€ non-null floates
@ Moce 38€ non-null floatss
L Standarc Deviation 386 non-null flocatss
€ Saaple Variance 38€ non-nuell floatss
7 Kurtosis 386 non-null floates
£ Skewness 38e non-null floatss
9 Range 386 non-null floates
18 mMinisum 386 non-nuell flcatss
11 maxisus 386 non-null floates
12 Som 38€ non-null floatss
£3 Count 396 pon-null intes
14 Gear 386 non-null int32
15 _val 386 non-null intea
1€ category 386 non-null intéa
17 Class 38¢ non-null inte4
18 class 38€ non-null intes

ctypes: floatés(12), int32(1), intea(e)
momCry usage: 43.5 KB
Nooe

corr_matrix = df.corr().abs()
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upper = corr_satrix.where(np.triu(np.ones{corr_satrix.shape), ke1).astype(bool))
to_crop = [coluwn for colusn in upper.colusns 1f any(upper{colusn] > 8.95)]

peint({to_drop)

‘Median’, ‘Standacd Deviation', ‘Sasple Variance', 'Minisus', 'Maxisus’, 'Sus’', 'y val', ‘category’, 'Class”, ‘class’
A ago

4

Defining X and Y for regression

var = ['Mean’, 'Standard Error’, 'Median’, 'Mode', 'Standard Deviation®,
'Sample variance', 'Kurtosis', 'Skewness', 'Range’, ‘Minisus',
‘Maxisum', 'Sum’, ‘Gear')

unused col = [ |

x = np.array(df{var})
y = np.arcay(dff ‘class’))

print(y)
|[feooEOOOOOOOODOODOODOOOO0000000008008888
GO0 OOPOOOPOOOOOODOOOOA0N000000000BB8S8
fo00POOOGAOPOOOGAAATTIIIIIIIIIIIIII1I11Y
{13111 33333332311111111111111
1131313113133 313131 3331333333 32331313111111111111
1113131313133 3131313131331333331313111222222222222
2222222222222222222222222222222222222
2222222222222222222222222222222222222
2222)
print{set{y))
© 1, 2)
~ Splitting the dataset

from sklearn.model selection isport train_test _split
¥_train, x_test, y train, y_test e train test_split(x, y, test size = @.3, random state - 42)

Random Forest

from sklearn.ensesble iwport RandosForestClassifier

reg_rf = RandosForestClassifier()
reg_rf.f1t(x_train, y_train)
y_pred = reg rf.predict{x_test)

print{wetrics.classification_report(y test, y pred))

precision recall fi.score support

e 1.06 1.06 1.06 31

3 6.34 6.97 6.9¢ 33

2 6.95 .77 6.85 28

accuracy 8.92 20
WACrD avg .93 8.91 6.92 20
weighted avg 8.93 8.922 8.922 %0

~ KNN

from sklearn.neighbors isport KNeighborsClassifier

reg knn = KNeighborsClassifier()
reg_knn. fit{x_train, y train)
y_pred = reg knn.predict{x_test)
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C:\Anaconda\lib\site-packages\sklearn\neighbors\_classification.py:211: Futurellarning: Unlike other reduction functions (e.g. 'skew
node, _ = stats.mode(_y[neigh_ind, k], axis=1)

print(metrics. classification_report(y_test, y_pred))
precision  recall fl-score support
8.% 8.87 8.89

1.00 8.85 8.92
2 .72 0.88 8.79

s @

accuracy 6.87
nacro avg 0.87 8.87 8.87
weiphted avg 0.88 8.87 8.87

£8g8 RuRm

» Decision Tree

from sklearn.tree inport DecisionTree(lassifier

reg_dt = DecisionTreeClassifier()
reg_dt.fit(x_train, y_train)

y_pred = reg_dt.predict(x_test)
print("Accuracy: ", metrics. accuracy_score(y_test, y pred))

Accuracy: 8.9

print(metrics. classification_report(y_test, y pred))
precision  recall fl-score  support

0.94 1.00 8.97
1 8.84 8.97 8.9
2 8.95 0.69 0.80

accuracy 8.%

nacro avg 0.91 8.89 8.89
weighted avg 0.9 8.90 0.9

888 RuR

from sklearn.metrics import confusion_matrix
em = confusion_matrix(y_test, y_pred)
print('Confusion matrix\n\n', cm)

Confusion matrix
[[31 & 8]

(832 1
[2 618])

filenane = "dt_model.sav'
pickle.dump(reg dt, open(filename, 'wb'))
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Testing Model |

CONCLUSIONS

Successfully Design and Arrange the setup of gear drive in Solid works 2021 Software.
Successfully manufactured Gear drive setup.

Successfully analyse Vibration Produced in Gear Drive with healthy and faulty gear.

Fault Detection: The vibration analysis also facilitated the detection of any potential faults or
abnormalities within the gear drive system. By monitoring and analysing vibration with the help of
LabVIEW software, any early signs of gear wear, misalignment, or bearing defects were identified.
Timely detection of these faults allows for proactive maintenance and minimizes the risk of
catastrophic failures.

As the Fault in the Gear increases the value of kurtosis increases.

As the Fault in the Gear increases the value of Maximum value increases but for Healthy Gearit is
constant.

In Machine Learning process it is found that Random Forest algorithm gives 93% accuracy, KNN
algorithm gives 87% accuracy and Decision Tree algorithm gives 90% accuracy.

So, Random Forest algorithm is the best algorithm to train and test the dataset of Gear Drive.
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