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Abstract: Recently, researchers are investing more fer-
vently in fault diagnosis area of electrical machines. The
users and manufacturers of these various efforts are strong
to contain diagnostic features in software for improving re-
liability and scalability. Internet of Things (IoT) has grown
immensely and contributing for the development of re-
cent technological advancements in industries, medical
and various environmental applications. It provides effi-
cient processing power through cloud, and presents var-
ious new opportunities for industrial automation by im-
plementing IoT and industrial wireless sensor networks.
The process of regular monitoring enables early detection
of machine faults and hence beneficial for Industrial au-
tomation by providing efficient process control. The per-
formance of fault detection and its classification by imple-
menting machine-learning algorithms highly dependent
on the amount of features involved. The accuracy of clas-
sification will adversely affect by the dimensionality fea-
tures increment. To address these problems, the proposed
work presents the extraction of relevant features based on
oriented sport vector machine (FO-SVM). The proposed al-
gorithm is capable for extracting the most relevant fea-
ture set and hence presenting the accurate classification
of faults accordingly. The extraction of most relevant fea-
tures before the process of classification results in higher
classification accuracy. Moreover it is observed that the
lesser dimensionality of propose process consumes less
time and more suitable for cloud. The experimental anal-
ysis based on the implementation of proposed approach
provides and solution for the monitoring of machine con-
dition and prediction of fault accurately based on cloud
platform using industrial wireless sensor networks and
IoT service.

Keywords: industrial wireless sensor networks (IWSNs),
internet of things (IoT), support vector machine, fault di-
agnosis

1 Introduction

The background of fault diagnosis and its protection is as
ancient as the machineries themselves. Initially, the man-
ufacturers of machineries and their users relied on mod-
est safety such as protection from overcurrent and over-
voltage. This precaution ensures reliability and safety op-
eration. However, with the increase in number of tasks
makes the machinery more complex. Therefore, the im-
provement in diagnosing faults is foremost requirement.
The fault diagnosis at its very initial stage becomes very
important because the unwanted downtime of any ma-
chine can cause high financial loses. Industrial wireless
sensor networks provide more flexible system for com-
munication and transmitting the information towards the
desired location. In the recent advancement among the
field of wireless sensor networks and IoT-based continu-
ous monitoring is highly recommended for industrial au-
tomation due to their enormous capability for detecting
objects. The wireless sensor networks requires more atten-
tion in its quality of service parameters such as energy con-
sumption, reliable transmission of information and cost
for obtaining higher performances. The biggest challenge
for the wireless sensor networks and IoT based application
is to manage huge amount of sensed field data in real time
basis.

In mechanical field the rotating machinery system is
widely adopted in majority of the applications. In rotating
machinery the relative motion among coupling surfaces,
machinery components are easily susceptible for suffer-

Xiaoran Zhang, Zhengzhou Vocational University of Infor-

mation and Technology, Zhengzhou 450046, China, E-mail:
xrnzhng@gmail.com

Kantilal Pitambar Rane, Professor and Principal, KCEs COEM JAL-
GAON, India

Ismail Kakaravada, Prasad V Potluri Siddhartha Institute of Technol-
ogy, Kanuru, Vijayawada, India

*Corresponding Author: Mohammad Shabaz, Institute of Engi-
neering and Technology, Chitkara University, Punjab, India, E-mail:
bhatsab4@gmail.com

GOpen Access. © 2021 Xiaoran Zhang et al., published by De Gruyter. This work is licensed under the Creative Commons Attri-

bution alone 4.0 License.

3


https://doi.org/10.1515/nleng-2021-0019

246 —— Xiaoran Zhang et al., Research on vibration monitoring and fault diagnosis of rotating machinery

ing damage. Fault detection and its diagnosis is therefore
essential for maintaining the efficiency of machinery. The
major challenge for maintaining the good health of ma-
chinery is the detection of fault and its patterns [1]. Var-
ious approaches have been designed for the diagnosis of
fault in rotating machinery such as bearings, gearboxes
and many others [2]. Venkatasubramanian et al. [3] pre-
sented the systematical review of fault detection and its di-
agnosis considering knowledge, model, signal-based hy-
brid and active methodologies. One of the most success-
ful system consists of three main steps: fault symptoms
determination, extraction of highly sensitive features and
patterns classification. Fault symptoms includes measure-
ment of vibration, analysis of thermal features, acoustic
parameters and various of other processes have been con-
sidered as health indices for monitoring rotating systems.
Considering all of these parameters, the signals from vi-
bration sensor have proved as the most effective for moni-
toring the health of rotating system.

In recent years in the category of signal from vibra-
tion sensors various sensitive features for the detection
of fault have been studied. In most of the system the ex-
traction of features is performed in time, frequency and
time-frequency domains [4]. Kebabsa et al. [5] have pro-
posed scheme for the extraction of fault features in time
domain by utilizing cyclostationarity as a pointer for di-
agnosing gears. One feature for the diagnosis was intro-
duced by Feng et al. [6], for the monitoring of gearboxes
at various time varying operating conditions. In frequency
domain sometimes diagnosis of fault features are very sen-
sitive. From the studies it is observed that the spectral kur-
tosis is highly recommended and most popular feature of
fault in frequency domain [7]. Considering the frequency
domain, spectral kurtosis is an optimal the modulation ap-
proach which was proposed for diagnosing the the bear-
ing defects [8]. The feature extraction in time frequency
domain have gained much attention in comparison with
feature extraction in time and frequency domains for both
academic and industrial applications. Fault sensitive fea-
tures have been efficiently generated by implementing
continuous wavelet transform (CWT) [9], wavelet packet
transform (WPT) [10], comblet transform (CT) [11], discrete
wavelet transform (DWT) [12], second generation wavelet
transform and other tools of time frequency domain. Con-
sidering feature extraction in one domain, many of the re-
searchers have been contributing for detecting the faults in
machinery in different domains. Igba et al. [13], propose an
approach for the examination of vibrational characteris-
tics of gearboxes considering time and frequency domains.

On the basis of feature extraction of fault there ex-
ist various classifiers that can be used for distinguishing

DE GRUYTER

the health level from various patterns of faults. Oreski et
al. [14] proposed study that presents multiple stage selec-
tion of features by implementing genetic algorithms for
the diagnosis of gearboxes. One more study presents the
fault diagnosis of gearboxes by implementing support vec-
tor machine and genetic algorithm. Bathaie et al. [15] has
introduced a system by implementing dynamic neural net-
work for the diagnosis of faults in gas turbine. An artifi-
cial neural network is implemented for the automatic di-
agnosis of faults through the vibration signals [16]. It is
observed that the deep learning approaches has gained
much attention in the community of classification. Tang
et al. [17] proposed a deep learning-based approach for the
classification of health state and to diagnose the failures.
This article is an attempt for the fault diagnosis in
in rotating systems by presenting a feature learning ap-
proach. The purpose of this study is to use the statisti-
cal learning and to present the feature optimisation and
its classification for improving the fault diagnosis in ma-
chinery. The misclassification in the diagnosis and the im-
proper scheduling of maintenance are the major draw-
backs for the conditional monitoring which requires new
operating scenarios and termed as novelty detection. The
existing machine learning algorithms like Support Vector
Machine (SVM) provides pattern recognition and highly
recommended for classification of data. On the other
hand Support Vector Machine (SVM) provides high dimen-
sionality e of features there by reducing the accuracy.

2 Related work

This section describes the recent work proposed for the in-
dustrial automation by implementing WSNs and IoT ser-
vice.

With continuous enhancement in the field of comput-
ing and emerging 5G communication system application
based on IoT, cloud computing, WSNs and huge data pro-
cessing approaches for the maintenance prediction of me-
chanical equipments. These technologies entirely focused
on the next level development for the industrial automa-
tion.

2.1 Industrial wireless sensor networks
based approaches

Wireless communication protocols and different it strate-
gies are registered with the rapid evolution in industrial
wireless sensor networks. Hanzalek et al. [18] proposed
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methodology for avoiding collision and efficient schedul-
ing using cluster tree industrial wireless sensor networks.
Sheikh et al. [19] proposed an algorithm for the avoidance
of hidden node which provides quality of service param-
eter by implementing multi-hop communication through
mesh networks. Li et al. [20] present study which deals
with the problem of treatment for effective energy by
adopting ant colony optimization approach. Wanger et
al. [21] discussed centralised and decentralized methods
for the optimal configuration of wireless sensor networks
respectively. Recently there exist many studies which de-
scribes the application of industrial wireless sensor net-
work for performing the monitoring for electrical ma-
chines such as induction motors, fault diagnosis in pumps
and pipelines, machine manufacturing, structural moni-
toring of health and smart grids.

Koutroulis et al. [22] introduces study based on the in-
dustrial wireless sensor networks system for the vibration
data acquisition to monitor the rotation in power plants.
The authors implement a data fusion approach for the
judgement of similarity in time series and then fusion algo-
rithm at task level is applied for deciding the strategy for
data delivery. Their approach is focused for reducing the
total bandwidth and power consumption, but their work
only applicable for redundant data from same resources.
Lee et al. [23] proposed a monitoring and fault diagno-
sis system for the health of induction motor on the basis
of industrial wireless sensor networks. The extraction of
features and its classification is carried out by the neu-
ral network classifier. The industrial application of their
proposed approach is limited for the cases where it is re-
quired to produce all possible faults from tested machine
at prior. Lu et al. [24] proposed an approach for the moni-
toring of remote energy using wireless sensor networks by
exploring the diagnostic algorithm. Seshadrinath et al. [25]
presents the detailed analysis for the fault diagnosis im-
plementing industrial wireless sensor networks and the
experimentation is verified using two step classified ap-
proach.

2.2 Internet of things based approach

Internet of things concept was first introduced by the com-
munity of radio frequency identification development. The
concept of internet of things is very e popular because of
its rapid growth among mobile devices, its capability in
real time communication, data analytics and computing at
cloud platform. The internet of things is a communication
network where multiple physical things are embedded to-
gether such as smart devices, electronics, sensors and soft-
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wares which provides the capability for the collection of
data from real world and it’s sharing through internet [26].
India future the mobile-to-mobile market will dominate
by providing variety of applications through this technol-
ogy. In the proposed approach the communication among
the monitor and the machinery is achieved through uh
GPRS, the barriers of distance are eliminated and thereby
the automation is achieved across any other part of the
world [27].

Dong et al. [28] proposed a network for interfacing the
sensor to iot platform and discuss the usage of CPLD (com-
plex programming logic device). Kong et al. [29] presents
the analysis of DPM (dynamic power management) consid-
ering internet-of-things scenario for monitoring the condi-
tion of the system.

2.3 Fault diagnosis based methods

With the evolution of smart industries, current processes
of industries are transforming and adopting various smart
devices for its automation. The most important task in
the industrial processes is to maintain the required per-
formance which may be affected by various kind of faults.
For maintaining the high throughput from industrial pro-
cesses, it is essential to adopt accurate, quick and effec-
tive fault detection and its diagnosis process for improv-
ing the performance of entire machinery and systems [30].
Considering various of the substantial advantages that can
be achieved from the reduction in process and cost pa-
rameters at the same time providing the improved quality
and productivity, fault detection and diagnosis system has
gained much attention from the academicians and the in-
dustrial people as well [31]. There exist many theoretical
and experimental studies for various fault detection ap-
proaches to diverse the industrial processes. The methods
used for fault detection can be further classified as data
driven, knowledge and model-based methods [32]. More
specifically model based and data driven methods requires
less efforts of modelling and process knowledge of inter-
est, hence providing huge impact on industrial processes.
The model based and data driven methods are widely
adopted because of their simplicity and effectiveness for
the process of fault detection and its diagnosis [33]. One
of the major issue in current monitoring field is the online
real time fault detection and diagnosis. Through the adop-
tion of fault detection tool, it becomes possible to enhance
the efficiency of process and safety by accurately predict-
ing the abnormal symptoms at very early stage of process
faults. Xenakis et al. [34] presents a study which discuss
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the fault detection models for distinguishing the fault sta-
tus from normal status.

There are various methods for detecting faults in ma-
chinery. The motor windings and huge generators rated
above 4.5 kV, partial discharge approach provides reli-
able results [35]. This process can also be achieved by
portable test known as TGA-B. However, for motors work-
ing at low-voltage, stator fault diagnosis measures are yet
to be proved. The method is suggested for detecting turn-
by-turn faults by analysing the machine component of ax-
ial flux by utilizing a big coil wound concentrically about
the channel of the machine [36]. Kim et al. [37] presents
the review of a recent work for the condition monitoring of
machineries. The exhaustive review summarises that the
behaviour and the characteristics of various faults in ma-
chines were identify and then analysed. Chauhan et al. [38]
propose an approach on the basis of two types of methods
for the fault diagnosis considering feature behaviour for
the applications of conditional monitoring.

3 Methodology

Fault detection and its diagnosis is very important for the
prevention of machines from further damage in industrial
automation. Therefore, the real time monitoring of ma-
chines health it is essential for fault prediction, its diag-
nosis which leads to avoid the occurrence of fault in fu-
ture. This section describes the implementation of the pro-
posed system fourfold detection and prevention on the
basis of real time online conditional monitoring systems.
The methodology adopted for the detection of fault and
its classification utilizing Industrial Wireless Sensor Net-
works and Internet of Things service is depicted in Figure
1. The proposed design of the system is comprised of three
main working phases: Deployment of Industrial Wireless
Sensor Networks, Monitoring station for diagnosing faults
in machinery and IoT based cloud platform.
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Figure 1: Proposed design of fault diagnosis system

IW3Ns Tod Node

§
g
[ 2
!

L =

Desktop and Mobiles

1
1
LS

Sink Noule

DE GRUYTER

3.1 Deployment of INSNs system

The technologies of wireless communication have gained
attention globally and very popular among the emerging
applications for the Industrial automation. IEEE 803.15.4
wireless standard is adopted for the proposed system. The
functional diagram of the proposed industrial wireless
sensor networks system is depicted in Figure 2. The pro-
posed system consists of four various sensors for measur-
ing speed, vibration, voltage and current. Among all of
these wireless sensor nodes basic node is deployed, which
is implemented for handling the resource allocation, data
fusion and channel scheduling considering the prior con-
dition of data transmission. The implementation of func-
tionality in the industrial wireless sensor networks helps
preventing the redundant data and decreases transmis-
sion of large raw data, hence improving the sensor nodes
lifetime. The data collected from multiple motor machines
are transmitted to respective sink nodes, further transmits
data packets to the coordinator node, which is located in
the monitoring station. The coordinator node further inter-
faces with host system through serial port communication
for diagnosing the identified faults at monitoring station.

Seral Link

Comidinzior Mode

{\i)j G
C 5N A B.C.D- Sensor Modes

Figure 2: Functional structure of industrial wireless sensor networks

3.2 Fault diagnosing approach in machinery

The collected data from the deployed sensor nodes are
processed in this system in order to diagnose the faults
among machinery system. Due to the increment in num-
ber of features, fault detection and its classification is lim-
ited and therefore the feature set dimensionality is essen-
tial to be reduced. The proposed work presents the classi-
fication of faults through most relevant features by imple-
menting Feature Oriented Support Vector Machine. Fault
detection and its diagnosis process comprised of three var-
ious phases i.e., pre-processing, extraction of features and
fault classification and diagnosis.



DE GRUYTER

3.2.1 Data pre-processing phase

The collected data set of speed, vibration, voltage and cur-
rent analysed in the pre-processing phase. The collected
data on the basis of electrical and mechanical analysis
is processed on real time for fault detection. The process
of data acquisition is carried out through industrial wire-
less sensor networks systems in which the weekend entries
from real time collected data are removed through host
system at pre-processing phase.

3.2.2 Feature extraction phase

The features are extracted in this phase in order to ob-
serve the fault nature which is either individual or com-
binational. The proposed fault-oriented sport vector ma-
chine system is analysed considering for various param-
eters of machinery under different scenarios of faults. In
feature extraction phase list record for each of the class is
processed and then the feature regarding minimum and
maximum points are extracted. The maximum and min-
imum values of the features are extracted using this for-
mula as follows in Equation 1:

FTq = min (Ly,) and FT, = max (Ly,)

FTc = min(L¢,) and FT; = max (Lc,)

FTe = min(Lrpy) and FTy = max (Lrpy)

FTg = min(Ly;,) and FT, = max (Ly;p) 1)

By computing these features, and their comparison the
fault diagnosis classifies the fault.

3.2.3 Fault classification phase

The initialization of tested or classified data is observed
as TD Sy. The tested values for various fault conditions in
different categories such as vibration, speed, voltage and
current are observed as Vibyy, RPM1y, Vs and Cry,. Inthe
classification phase, Feature Oriented Support Vector Ma-
chine is applied for fault classification based on extracted
relevant set of features.

The applied formula for the classification of relevant
features is expressed in Equation 2:

TDgc = min% lw|| + Cly (analogous to fault) - Z T;
iy

@

Where, w represents weight analogous to feature set, Cly
represents class and 7; represents the slack variable. The
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proposed approach utilizing most relevant feature for fault
classification is described below:

3.2.4 Classification approach

Step 1: Initialization for size X = 1 to TD Sp,
Step 2: From size X = 1 to Cl,
Step 3: If (Vg 2 FTq && Vg < FTy)

If (Cpg 2 FTc &% Cry < FTy)

If (RPM > FT. && RPM < FTy)

If (Vibry =2 FTg && Vibpy < FTy)
Then,

TDgc = min%w2 + Cly (analogous to fault) - Z T
8%

Else, then TDg-=0
End if;
EndY;
End X;

3.3 loT based cloud analysis system

As described in the previous section the observed perfor-
mance from most relevant feature extraction for fault di-
agnosis system has achieved accuracy of 98.2% for fault
classification. Fault oriented support vector machine al-
gorithm is suitable for IoT based cloud platform for the
prediction of faults in real time basis. Various state-of-art
services are provided by the cloud vendors for the differ-
ent IoT operations. Services such as remote control, anal-
ysis of data, machine learning and deep learning can be
implemented based on specific application requirements
through cloud platform.

3.3.1 Instance creation through cloud platform

ThingSpeak is an IoT based cloud platform, which is
utilised for the implementation of present work for the
storage and analysis of the data on real time. Instance cre-
ation of the required parameter in runtime environment
through ThingSpeak cloud platform is the main founda-
tion work of this present implementation, which is thereby
utilised for the incorporation of Internet of Things and ser-
vices of data storage and their interconnection. ThingS-
peak also provides a programming tool based on cloud
platform, which is linked, with the application environ-
ment on real time.
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The proposed FO-SVM for most relevant feature ex-
traction to detect and diagnose faults is developed with
python script in ThingSpeak IoT platform. The main func-
tion block in linked with IoT which continuously receives
the data from the deployed sensors in real time. The data
collected and received through the protocol is in JSON form
as message. The functional block extract this message by
implementing the python script and then fault prediction
is initiated through the insistence of learning process.

3.3.2 Internet of things and data storage
implementation

The service of internet of things bridges a communica-
tion link among the sensor nodes and real time environ-
ment application through cloud platform. In internet of
things platform the interlinked devices communicate with
each other by implementing lightweight protocol. The data
communication is handled with the light weight protocol
along with JSON message proposed work.

4 Experimental scenario

This section describes the experimental setup of proposed
FO-SVM, for detection and diagnosis of machinery faults.
The experimental scenario for the proposed system which
includes IWSNs deployment and monitoring station is de-
picted in Figure 3. The specifications of machinery is tab-
ulated in Table 1.

Munitoring Srarion

Zighee Transceiver
—
Conordinaror Nnde
A
4 L
) @) (D) (D)
[~ st = (="
Speed Sensor Vibration Sensor Cuorent Sensar Voltage Sensor

Figure 3: Experimental scenario for sensor and coordinator node

The fault diagnosis performance of proposed Fault
Oriented Support Vector Machine Algorithm is depicted in
Figure 4.
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Table 1: Specifications of motor in experimentation

Specification Parameter value
Category Ill-phase motor
Voltage 420 Volt + 10%
Current 2A

Power 0.40 kw

Power factor 0.80

Frequency 55Hz +5%
Speed 1425 RPM

The experiments are conducted MATLAB simulation
environment and its validation is carried out with real time
fault data set of machinery specifications. The parameters
of accuracy, precision and specificity are improved by the
feature extraction of minimum and maximum ranges. The
percentage improvement accuracy, precision and speci-
ficity are observed as 66.4%, 61.2% and 13% respectively
in comparison with the support vector machine algorithm.
The percentage improvement and its comparison are de-
picted in Figure 4(a and b). The observed percentage accu-
racy for classification of faults through proposed approach
is 98.2%.

4.1 Sensor nodes and communication
system

Four different sensor nodes (speed, vibration, current and
voltage) along with communication devices are utilized
for the implementation of proposed work. One potential
transformer (A 240 V) consisting of a (TLO82A) dual oper-
ational amplifier is deployed for measuring voltage. One
(HE026T) hall effect sensor node is utilized for measuring
the current in machinery. In order to measure the speed
and vibration of the machinery, IP18455DF along with ac-
celerometer (ADXL) is utilized. IEEE 802.15.4 (Zigbee) that
offers 250 kb/s of defined rate is implemented as wireless
communication device.

4.2 Experimental results

Figure 5 (a, b) represents the statistical features and wave-
form in time domain for the first signal received during ex-
perimental setup. As the receive signal creatures 0.41 sec-
onds at frequency of 10 kHz, the observed length of the dis-
crete time signal is 4088.

These vibrational signals are further transform to fre-
quency domain. The statistical features along with the fre-
quency domain is detected in Figure 6 (a, b). The observed
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Figure 4: Performance indices; (a, b) performance evaluation of fault
diagnosis

frequency band at sampling frequency of 10 kHz is 5000
Hz.

The road was further decomposed to four different lev-
els for generating the time frequency domain signals. The
statistical features and all four nodes together are depicted
in Figure 7 (a, b). When the length of the row signal is
4088, observed data points at different for levels are 2045,
1026, 522 and 258, respectively. Therefore the number of
observed data points as depicted in figure 7 (a) is 16,596.

A multiple class support vector machine classifier is
then applied for obtaining first the diagnosis of fault. In the
experimentation we have not considered learning models
such as random forest, neural network and decision tree.
this is because of the fact that support vector machine has
more prominent representation and it performs better than
these learning approaches. Fault diagnosis of the patients
are tabulated in Table 2, and it is observed that the statisti-
cal features are higher (on average 73%) from the different
classification rates at time frequency domain in compari-
son with time and frequency domain. Among all of other
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Figure 5: Feature analysis in time domain for fault diagnosis: (a)
waveform in time domain of the first signal; (b) statistical features
of first signal in time domain

models the learning of statistical features propose model
presents better classification rate for similar data as 63%,
92%, 96.04% and 84.3% respectively.

Figure 8 (a, b) depicts the change in classification rate
of fault and respect with the increase in in pre-training
epochs for different features. For the diagnosis of fault
in machinery the number of free training reports cannot
much affect the classification. It is observed from the ex-
perimentation that for a few numbers of epochs the pre-
training can attain good effect.

5 Conclusion

Fault detection and its diagnosis is an important process
in order to prevent other damages of machines industries.
In this work, a simple algorithm is designed for fault diag-
nosis in motor and machinery through IoT environment
with Industrial Wireless Sensor Networks. The imple-
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Table 2: Classification rate of faults of dataset in various domains

DE GRUYTER

System Domain Diagnosis of faults
Decision tree Random forest | Neural net- | Proposed
work model
Motor Time 27.26 61.25 36.28 63.25
Frequency 53.14 53.65 80.21 92.54
Time-frequency 46.02 70.24 79.65 96.74
Machinery Time 19.35 60.59 42.36 61.38
Frequency 40.16 81.21 83.47 88.65
Time-frequency 59.36 82.45 83.94 92.62
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Figure 6: Feature analysis in frequency domain for fault diagnosis:
(a) waveform in frequency domain of the first signal; (b) statistical
features of first signal in frequency domain

mentation of sink node along with the coordinator node
and various other sensor nodes improved the lifetime of
the network and it also reduces the transmission delay
through data fusion and efficient resource allocation.
Along with the implementation of above communication
system, diagnosis of fault is achieved with fault-oriented
support vector machine algorithm. The performance
evaluation of the present work reveals that the proposed
algorithm improves the specificity precision and accuracy
considering dimensionality reduction of suitable features.

Figure 7: Feature analysis in time-frequency domain for fault diag-
nosis: (a) Waveform in time-frequency domain of the first signal; (b)
Statistical features of first signal in time-frequency domain

Expected most relevant features are deployed to the
ThingSpeak cloud platform for the protection of fault
class. It is observed from the experimentation that differ-
ent classes of faults are accurately predicted with less time
interval. The entire structure of the proposed work ok im-
proves the functionality for diagnosing faults in machine
and hence suitable for the Industrial automation. The
future work is motivated in identifying other methods for
fault diagnosing on the basis of axial flux measurements,
monitoring of current and voltage and vibration analysis,
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