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Abstract 
 
In this paper, we present a review of machine health managements for the smart factory. As the Industry 4.0 leads current factory 

automation and intelligent machines, the machine health management for diagnostic and prognostic purposes are essential, and their 
importance is getting more significant for the realization of the smart factory in the Industry 4.0. After brief introductions to important 
concepts and definitions composing smart factory and Industry 4.0, the developments in maintenance strategies towards Prognostics and 
health management (PHM) of machines are summarized. The review of machine health managements is followed, classifying the refer-
ences by the monitoring components, types of measurements, as well as PHM tools and algorithms. 94 existing articles are reviewed and 
summarized in this regard. The implementations of machine health managements within the smart factory are discussed in terms of data 
connectivity, communications, Cyber-physical system (CPS) and virtual factory, relating them to Internet of things (IoT), cloud comput-
ing, and big data management.  
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1. Introduction 

The Prognostics and health managements (PHM) of ma-
chines have been important research area for last several dec-
ades [1-8]. Different types of machine maintenance strategies 
have been proposed and implemented for various types of 
machines for the PHM purpose [1, 9-15]. As Industry 4.0 and 
smart factory lead the intelligent machines and factory auto-
mations with data communications in the manufacturing tech-
nologies, health managements of local machines are gathering 
more significant importance for the purpose of machine diag-
nostics and prognostics [16-20]. 

This work focuses on reviews, and summarizes of different 
types of machine health managements techniques, classifying 
them by the types of monitoring components, physical meas-
urements for the machine condition monitoring, and various 
algorithms used for the health managements. In Sec. 2, impor-
tant concepts, recent developments, research trends, and out-
looks of the smart factory and Industry 4.0 are introduced. The 
developments in the machine maintenance strategies towards 
prognostics and health managements are discussed and sum-
marized as well. In Sec. 3, 94 existing articles for the machine 
health managements are reviewed and summarized. We pre-
sent the classifications of the references by the monitoring 
components, sensor (Measurement) types for machine moni-
toring, and different types of algorithms and PHM tools used 
for the machine health managements. In Secs. 4 and 5, the  
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implementations of machine health managements within the 
smart factory are discussed in terms of data connectivity, 
communications, cyber-physical system, and virtual factory, 
including Internet of things (IoT), cloud computing, and big 
data management. 

 
2. Smart factory and development of machine health 

managements 

The Industry 4.0 is represented by the smart factory con-
nected based on the Information and communication technol-
ogy (ICT), including IoT, cloud computing, and big data man-
agements into the Cyber-physical system (CPS) [9, 21-29]. 
The CPS will not only be composed of the virtual components 
and virtual machines in the virtual factory, but also have the 
information of the virtual products to be produced by the 
physical factory [9, 17, 30-32]. 

As shown in Fig. 1, smart factories are monitored, managed, 
and controlled within the CPS, through the advanced networks, 
such as industrial Wide area network (WAN) or Wireless 
local area network (WLAN), and etc. The multiple types of 
users can access the factories through the CPS and virtual 
factory to get the information on numerous products [9, 17, 
33-35]. The users can design, customize, and order their prod-
ucts using this cyber environment and they can trace the entire 
production history of their products until they get the physical 
products. Recent developments in high speed networks, cloud 
computing based on big data managements, and a variety of 
security solutions will leverage the realization of this revolu-
tion in the near future [21-29, 36, 37]. 

Another essential development that needs to be considered 
in the physical factory towards smart factory for the realiza-
tion of Industry 4.0 is machine health monitoring and man-
agement [38-42]. The machines in smart factories cooperate 
together in more autonomous and robust ways. They need to 
be carefully monitored and managed to be operated within 

near zero breakdown, as well as to minimize the downtime 
caused by local machine or component fault. Thus, different 
types of measurements by the appropriate sensors capture the 
health status of machines and monitoring components in real 
time. The local communications and data acquisition tech-
niques use Bluetooth, RFID (Radio-frequency identification), 
Zigbee, RS232, and etc., record these data and transmit to the 
factory level database via Wi-Fi, or other factory networks 
[43-46]. The collected data is monitored and analyzed by the 
control center, and appropriate maintenance strategies are 
selected and applied for the individual machine and compo-
nent. Furthermore, because the machines and components 
systems are highly networked between more robust, flexible, 
multi-functional, and intelligent machines in smart factory as 
shown in Fig. 2, the significance of their reliable health man-
agements should be more emphasized for the realization of 
Industry 4.0. 

As Lee et al. discussed [10], in modern factories and ma-
chines, their maintenance strategies are being transformed 
from the traditional fail-and-fix (Diagnostics) practices to-
wards predict-and-prevent methodologies (Prognostics). This 
transformation has driven much research interest for the de-

 
 
Fig. 1. Conceptual illustration of communications between organizations in Industry 4.0. 

 

 
 
Fig. 2. System structures of factory in Industry 3.0 and Industry 4.0 (F: 
Factory, M: Machine, C: Component). 
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velopment of PHM. A schematic illustration presented in Fig. 
3 shows a comparison between diagnostics and prognostics 
approaches for health managements (Figure is redrawn from 
Ref. [10] with the permission). While diagnostics is investi-
gated to evaluate and analyze the nature of conditions, or 
problems of faults, as well as to identify failure modes in the 
machine or system, prognostics is conducted to calculate and 
predict the future status of machines or components with the 
estimation of Remaining useful life (RUL) or remaining per-
formance life until complete failure [1, 3, 10]. Generally, 
prognostics is for monitoring, and detecting the initial indica-
tions of performance degradation of the component. Because 
diagnostics is the process of identifying the relationship be-
tween the cause of failure (Machine conditions) and the failure 
results, PHM also includes diagnostics [10]. 

The development of PHM has been leveraged by the tradi-
tional maintenance strategies, such as Reactive maintenance 
(RM), Condition-based maintenance (CBM), Reliability cen-
tered maintenance (RCM), Preventive maintenance (PM) as 
well as the recently developed maintenance methodologies, 
e.g., eMaintenance based on ICT, self-maintenance, Engineer-
ing immune system (EIS), and so on. Different maintenance 
strategies are well reviewed in other references. Here, we pre-
sent a brief summary of different maintenance strategies, as 
shown in Table 1 [1, 9-15, 47-49]. 

 
3. Machine health managements - reviews 

As the factories are getting highly networked and machines 
are getting integrated and smarter, the procedures for their 
health managements will be considered in more complicated 
approaches. This transformation leads to lots of concepts and 
studies on the factory level managements, automations, and 
maintenance methodologies [11, 14, 38, 47, 50]. Meanwhile, 
the health status of a local machine can be well evaluated and 
characterized by the conventional machine diagnostics and 
prognostics approaches [2, 4, 9, 10]. This procedure is pre-
sented as a schematic illustration in Fig. 4. Once a monitoring 
component (Critical component) is identified, an appropriate 
measurement type for monitoring each component status 
needs to be determined (Monitoring component identification). 
Not only single but multiple components can also be moni-

Table 1. Comparison of different maintenance types. 
 

Maintenance strategy [1, 9-15, 47-49] 

Reactive maintenance Condition-based maintenance 
(CBM) 

Reliability centered  
maintenance (RCM) eMaintenance Preventive maintenance 

(PM) 

• Corrective maintenance 
• Fixes when it breaks 
• Minimal important com-

ponent 

• Predictive maintenance 
(PdM) 
• Machine/component con-

dition monitoring 
• Condition-based diagnos-

tics/prognostics 
• Continuous data acquisi-

tion, data processing, and 
decision making 

• Analyze all the possible 
failure modes 
• Customize a maintenance 

strategy for individual 
machine 
• High costs 

• Integration of ICT within 
the maintenance 
• Web-based, tether-free, 

wireless maintenance 

• Scheduled maintenance 
• Periodic (Predetermined 

intervals) inspection 
• Relying on historical data 

or life cycle calculation 

 

 
 
Fig. 3. Diagnostics and prognostics health managements (Figure is 
redrawn from Ref. [10] with the permission from Elsevier). 

 
 

 
 
Fig. 4. Schematic illustration of machine health management in the 
smart factory. 
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tored with single or multiple types of sensors to get the com-
ponent or machine conditions (Data acquisition). In smart 
factory, the data captured in the individual component is trans-
mitted to the factory level data base towards the control center. 
In the control center, the data by different sensors is processed 
and extracted to represent the health status of the component 
and machine (Health status assessment). Appropriate algo-
rithms and feature extraction modules are used for this step. 

The maintenance or machine control decisions are made 
based on the health status assessment, and are then applied to 
the local machine. In smart factory, this control and mainte-
nance will be conducted autonomously. 

In this section, articles presenting the local machine and 
component health managements are reviewed. Among numer-
ous studies on different types of machines’ or structures’ health 
monitoring and managements, this work focuses on the manu-
facturing machines for the applications to the smart factory and 
Industry 4.0. Examples of different types of manufacturing 
machines, along with some of their critical components and 
representative measurement types, are shown in Fig. 5. 

 
3.1 Critical components in manufacturing machines 

The critical components of machines can be identified 
based on the component fault frequency with respect to the 
machine downtime caused by the component fault. An exam-
ple of this is presented as a plot in Fig. 6 (Figure is redrawn 
from Ref. [10] with the permission). The components can be 
divided into four different groups on this plot. The compo-
nents in the upper right group cause long average downtime, 
and their faults occur frequently. In modern machines, those 
components need to be perfectly omitted by robust design so 
that the machine does not have these components at all. The 
components in the upper left group have short downtime al-

though their failures occur frequently. The preventive mainte-
nance methodology with a scheduled and periodic mainte-
nance can be applied for the components in this group with an 
adequate number of spare parts prepared. 

The lower left group has the components for which a regu-
lar maintenance will be enough for the machine operation 
because these components infrequently fail, and their failures 
can be fixed shortly. The most critical components are 
grouped in the lower right group. The components in this 
group have the most downtime although their failures occur 
infrequently, so the health managements need to be focused 
on these components [10]. In manufacturing machines, the 
examples of these components include machining tools, bear-
ings, gears, electric motors, printing nozzles, and etc., as pre-
sented in Figs. 5 and 6. 

In this regard, the references are categorized and listed with 
respect to the monitoring (Critical) components in Tables 2-5. 
In this review, we classified the references into six different 
groups based on the monitoring components used, i.e., the 
rotary component, machining and micro machining tool or 
process, electric component, components in non-conventional 
manufacturing machines, and other components. Tables 2-5 
provide the detailed information of the references, i.e., the 
monitoring components, the measurement types, the health 
status assessment algorithms used, as well as the applicable 
machines. Machining/micro machining, and non-conventional 
manufacturing/other are grouped together. The references 
listed in Tables 2-5 are also plotted with respect to the moni-
toring components, as in Fig. 7. 

Focusing on the manufacturing machines, the most fre-
quently monitored types of components for their health man-
agements, are the rotary components and the machining tools 
or processes, including micro machining. 78 % of the refer-
ences considered these components as the most important. 
Other references that monitored the electrical components, as 
well as the components in non-conventional manufacturing 
processes, such as laser and plasma processes or 3D printing, 
are also included in this review. The references that studied 
the health management of manipulators, structural compo-
nents, and screw threads were categorized as other examples 
of the monitoring components. 

 
 
Fig. 5. Classifications of monitoring components and the sensor meas-
urement types in different types of manufacturing machines. 

 

 
 
Fig. 6. Average downtime caused by components faults (Figure is 
redrawn from Ref. [10] with the permission from Elsevier). 
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Table 2. Summary of the references - machine health managements with rotary components monitoring. 
 

Ref. No. Country, year Monitoring  
components Measurements Health status assessment algorithms Applicable machines 

[51] Canada, 2016 Bearing Acoustic emission Empirical mode decomposition (EMD),  
Wavelet transform (WT) Rotary machine 

[52] Canada, 2016 Bearing Vibration EMD Rotary machine 

[53] UK, 2012 Bearing Vibration Fourier transform (FT) Turbo generator,  
rotary machine 

[54] UK, 2015 Bearing Acoustic emission FT Centrifugal compressor 

[55] Hong Kong, 
2009 Bearing, shaft Vibration EMD Rotary machine 

[56] USA, 2007 Bearing Vibration Approximated entropy (ApEn) Rotary machine 

[57] Sultanate of 
Oman, 2001 Bearing Vibration Artificial neural network (ANN) - 

[58] USA, 2008 Bearing Vibration Time domain analysis, analytical model Rotary machine 

[59] France, 2015 Bearing Vibration Hilbert-Hwang transform (HHT),  
Support vector machine (SVM) 

Machining center, 
Rotary machine 

[60] India, 2016 Bearing Vibration, rotating speed ANN, SVM Rotary machine 
[61] Canada, 2011 Bearing Vibration Proportional hazards model Rotary machine 
[62] Slovenia, 2015 Bearing Vibration FT Rotary machine 
[63] UK, 2016 Bearing Acoustic emission ANN Rotary machine 

[64] China, 2016 Bearing, impeller Vibration EMD Rotary machine,  
centrifugal pump 

[65] China, 2016 Bearing Vibration Principal component analysis (PCA),  
Neural network (NN) Rotary machine 

[66] USA, 2006 Bearing Vibration HHT, EMD Rotary machine 
[67] USA, 1993 Bearing Vibration ANN Rotary machine 
[68] UK, 2009 Bearing Acoustic emission Time domain analysis Rotary machine 
[69] USA, 2000 Bearing Vibration NN, FT Rotary machine 
[70] UK, 2011 Bearing Acoustic emission, vibration Time domain analysis, FT Rotary machine 
[71] UK, 2008 Bearing Acoustic emission Time domain analysis Rotary machine 
[72] UK, 2007 Bearing Vibration, wear Gaussian mixture model (GMM) Rotary machine 
[73] Taiwan, 2016 Bearing, shaft Vibration NN Rotary machine 
[74] UK, 2007 Gear Acoustic emission, vibration, oil Time domain analysis Aircraft, helicopter 

[75] Ireland, 2013 Gear, bearing Acoustic emission, electric voltage, 
power consumption FT Air compressor 

[76] China, 2016 Gear, bearing, 
shaft Vibration Statistical pattern recognition (SPR), PCA Rotary machine 

[77] Greece, 2009 Gear Acoustic emission, vibration WT Rotary machine 
[78] China, 2016 Gear, bearing Vibration ANN Electric machine 

[79] UK, 2014 Gear, shaft,  
structure 

Vibration, deformation, acoustic 
emission, oil Hidden Markov model (HMM) Wind turbine,  

rotary machine 
[80] China, 2016 Gear, bearing Vibration EMD, PCA Rotary machine 
[81] China, 2016 Gear Vibration EMD, SVM Rotary machine 
[82] USA, 2012 Gear Acoustic emission EMD Rotary machine 
[83] Greece, 2011 Gear Vibration, acoustic emission, oil Time domain analysis, FT, PCA Rotary machine 

[84] China, 2011 Hydraulic pump Vibration HMM Hydraulic system, 
rotary machine 

[85] Taiwan, 2003 Shaft, turbine, 
generator 

Flow rate, temperature, pressure, 
electric voltage, rotating speed Kalman filter, Petri nets Power plant, turbo 

machine, generator 

[86] USA, 2011 Shaft Temperature FT Turbine, engine,  
power plant 

[87] China, 2014 Shaft Vibration SVM Hydropower, rotary 
machine 
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Table 3. Summary of the references - machine health managements with components of machining tools or processes including micro machining. 
 

Ref. No. Country, year Monitoring 
components Measurements Health status 

assessment algorithms 
Applicable 
machines 

[88] Japan, 2008 Cutting Temperature Analytical model Machining center 
[89] China, 2012 Cutting Power consumption Experimental model Machining center 

[90] France, 2014 Cutting, bearing Vibration Extreme learning model (ELM), WT Machining center,  
rotary machine 

[91] USA, 2008 Cutting Temperature Experimental model Machining center 
[92] Myanmar, 2011 Drilling Force, torque, acoustic emission Fuzzy logic Machining center 
[93] South Korea, 2002 Drilling Power consumption, torque Time domain analysis Machining center 

[94] Spain, 2004 Milling Force, acoustic emission,  
vibration, wear Time domain analysis, FT Machining center 

[95] South Korea, 2008 Milling, drilling  Force, vibration Numerical model, FT Machining center 

[96] Japan, 1998 Milling, drilling,  
grinding Acoustic emission ANN Machining center 

[97] UK, 2006 Milling, turning Vision, wear SPR Machining center 
[98] Turkey, 2011 Milling Force, torque ANN Machining center 

[99] USA, 2010 Milling, drilling,  
turning Power consumption - Machining center 

[100] UK, 2013 Milling Power consumption Analytical model Machining center 
[101] Singapore, 2006 Milling Acoustic emission, force, vibration Time domain analysis, FT, WT Machining center 
[102] Italy, 1996 Milling Power consumption Experimental model Machining center 
[103] Germany, 2014 Milling Force Time domain analysis Machining center 
[104] USA, 2009 Milling Force, power consumption Experimental model Machining center 
[105] USA, 2012 Milling Force, deformation Analytical model, FT Machining center 
[106] Australia, 2011 Milling, turning Power consumption Experimental model Machining center 
[107] India, 2015 Turning Vision SPR Machining center, lathe 
[108] China, 2011 Turning Vibration WT, FT, Logistic regression (LR) Machining center 
[109] India, 2016 Turning Force Experimental model Machining center 
[110]  Ireland, 2013 Turning Deformation Time domain analysis, FT Machining center 

[111] Malaysia, 2010 Turning Temperature, deformation,  
surface roughness Experimental model Machining center 

[112] USA, 2013 Welding Temperature Time domain analysis Ultrasonic joining,  
metal welding 

[113] India, 2017 Micro drilling Force, wear ANN Micro machining,  
machining center 

[114] UK, 2017 Micro milling Acoustic emission Short time Fourier transform (STFT),  
regression trees, NN Machining center 

[115] Taiwan, 2010 Micro milling Sound pressure Fisher linear discriminant (FLD), FT Micro machining,  
machining center 

[116] Germany, 2012 Micro EDM, laser Acoustic emission FT Micro machining, micro 
EDM, laser ablation 

[117] Belgium, 2017 Micro EDM Electric voltage, electric current, 
EDM pulse Time domain analysis Micro machining, micro 

EDM 
[118] Poland, 2016 Micro milling Vision, wear SPR Micro machining 
[119] China, 2017 Micro grinding Deformation, wear grains SPR Machining center 
[120] Spain, 2016 Micro drilling Force, vibration Time domain analysis Micro machining 

[121] Italy, 2015 Micro milling,  
micro EDM 

Power consumption, electric  
voltage, electric current Time domain analysis Machining center 

[122] India, 2016 Micro turning Deformation Bayesian network Micro machining,  
machining center 

[123] South Korea, 2016 Micro milling Force, torque WT, FLD, HMM Micro machining,  
machining center 

[124] China, 2017 Micro milling Vision PCA Micro machining,  
machining center 
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   While most of the works in the references focused on a sin-
gle type of monitoring component based on our classification, 
in some references, they monitored two or more types of com-
ponents for the machine health managements. For example, 
when the electrical motor is monitored, the bearing, or shaft is 
usually monitored together to assess the health status of the 
machine. 68 references studied single monitoring component, 
17 references monitored two monitoring components, and 9 
references considered three monitoring components in the 94 
references reviewed in this work. 

Based on the classification shown in Tables 2-5, we plot the 

frequency of different types of monitoring components with 
more details in Fig. 8. It can be seen that gears, bearings, and 
shafts represent the most frequently monitored component for 
the machine health assessment in the rotary components group. 
Among various machining tools, milling and turning tools are 
studied with an important consideration. In the electric com-
ponents group, the electric motor is considered as the most 
critical component for the monitoring. This qualitative evalua-
tion of the critical components for the machine health man-
agements gives us a good reference for the identification of 
the critical components within different machines. 

Table 4. Summary of the references - machine health managements with electric components monitoring. 
 

Ref. No. Country, year Monitoring 
components Measurements Health status assessment algorithms Applicable 

machines 

[125] India, 2016 Generator Electric current EMD, ANN, PCA Wind turbine 

[126] South Korea, 
2004 

Electric motor, 
bearing, shaft Vibration Condition based reasoning (CBR), Petri nets Rotary machine,  

induction motor 

[127] India, 2003 Electric motor, 
bearing 

Electric voltage, electric current, 
temperature, rotating speed,  

vibration 
STFT, FT Rotary machine, 

[128] South Korea, 
2007 Electric motor  Vibration NN Rotary machine 

[129] Sweden, 1989 Electric motor, 
milling, turning 

Power consumption,  
electric current Experimental model Machining center 

[130] Norway, 2012 Electric motor, 
shaft, blower Vibration WT, ANN Pressure blower,  

rotary machine 

[131] South Korea, 
2007 

Electric motor,  
shaft Vibration Regression trees, time-series forecasting  

techniques Compressor 

[132] South Korea, 
2009 

Electric motor,  
shaft Vibration Regression trees, fuzzy logic Compressor 

[133] Norway, 2014 Electric motor, 
bearing Vibration ANN Rotary machine 

[134] USA, 2010 Electric motor,  
shaft Vibration Time domain analysis, FT Rotary machine 

[135] Switzerland, 
2012 

Electric motor, 
spindle, cutting Force, torque, electric current Analytical model Machining center, 

rotary machine 

 
Table 5. Summary of the references - machine health managements with other monitoring components including components in non-conventional 
manufacturing. 
 

Ref. No. Country, year Monitoring 
components Measurements Health status assessment algorithms Applicable 

machines 

[136] Germany, 2006 Laser Temperature Experimental model Laser cladding 

[137] Germany, 2007 Plasma Acoustic emission, temperature Time domain analysis, FT Plasma process, high 
temperature process 

[138] USA, 2016 3D printing nozzle Acoustic emission HMM 3D printer, FDM 

[139] Japan, 2017 3D printing nozzle Acoustic emission FT 3D printer, FDM 

[140] Germany, 2016 Manipulator Force, power consumption,  
electric current Time domain analysis Robot, factory 

[141] USA, 2010 Manipulator Force SVM, PCA Assembly, robot 

[142] Saudi Arabia, 
2017 Screw thread Vision SPR Screw thread  

measurement, other 

[143] USA, 2001 Structure Vibration Auto regression (AR) Other 

[144] USA, 2015 Structure Stress Numerical model Aircraft 

 
 



994 G.-Y. Lee et al. / Journal of Mechanical Science and Technology 32 (3) (2018) 987~1009 
 

 

The examples of machine health managements for different 
monitoring components are introduced and summarized in the 
following subsections. 

 
3.1.1 Rotary component 

Rotary components are one of the most critical components 
of current and future manufacturing machines. The machine is 
composed of large amounts of bearings, gears, shafts, and 
other types of rotary elements. Sinha et al. detected faults of 
bearings in Turbo-generator (TG). They also proposed a 
method to reduce the number of sensors by enhancing the 
computational effort in signal processing [53]. Li et al. pre-
sented a methodology for rotational machine health monitor-
ing and fault detection using EMD-based AE feature quantifi-
cation [82]. Elforjani presented experimental and analytical 
studies focused on the estimation of remaining useful life for 
bearings whilst in operation [63], and Zarei et al. proposed a 
method based on Artificial neural networks (ANNs) to detect 
bearing defects of induction motors [133]. 

 
3.1.2 Machining tool and process 

The machine tool (in cutting, milling, drilling, etc.) is an-
other critical component in the machining processes. There 
have been tremendous efforts to monitor the machine tools for 
the enhancement of their life cycle and energy consumption, 

as well as failure predictions. Inasaki presented the application 
of acoustic emission sensor for monitoring the cutting process 
with single point and multi point cutting tools, as well as the 
grinding process [96]. Tun et al. also presented a process 
monitoring system in drilling process on a high speed machin-
ing center [92]. Lanz et al. used the measured energy as an 
indicator for sustainability of the manufacturing in drilling and 
turning process [99]. Tristo et al. developed an Arduino-based 
framework for a real-time energy consumption monitoring of 
the micro Electric discharge machining (EDM) process [121]. 
They measured the voltage and current signals and then calcu-
lated the power consumption during the process. As we will 
discuss in the following section, various types of signals were 
used to specify the machine tools’ status, i.e., force/torque, 
deformation, vibration, acoustic emission, and temperatures. 

 
3.1.3 Electric component 

Because many machines are driven by electric motors, it is 
essential to predict their failures by proper techniques with 
prognostic tools. The mechanical vibration measured from the 
motors is one of the most popular techniques for this purpose. 
Su et al. proposed an analytical redundancy method using 
neural network modeling of the induction motor in the vibra-
tion spectra for machine fault detection and diagnosis [128]. 
Singh et al. proposed a machine monitoring system with an 

 
 
Fig. 7. Different types of monitoring (Critical) components in the reference. 

 

 
 
Fig. 8. Frequency of different types of monitoring components in the reference. 
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online analysis from vibration signals using c++, and offline 
analysis with MATLAB [127]. Four different types of ap-
proaches were compared: Narrow band analysis, variable 
band harmonic analysis, band frequency measurement, and 
spectrum masking. Suratsavadee et al. proposed a novel health 
monitoring system of electric machine based on wireless sen-
sor network (ZigBeeTM/IEEE802.15.4 Standard) [134]. The 
experimental results of the proposed severity detection tech-
nique of rotor vibration under different levels of imbalance 
conditions were investigated. Another practical technique for 
electric motors’ health monitoring is to use electric signals 
such as current, voltage or power consumption. We will dis-
cuss further on this topic in the following sections. 

 
3.1.4 Component in other manufacturing machine 

Recent advances in the manufacturing technology enable us 
to fabricate various engineering parts by 3D printing. Numer-
ous engineering materials are being used as printing materials 
through different types of 3D printing techniques. Obviously, 
the future cloud manufacturing should be driven by the 3D 
printer. The printing nozzle and printing material feeding (i.e., 
Filament) are examples of the critical components to be moni-
tored in 3D printer. Wu et al. proposed a method to monitor a 
real-time lightweight Additive manufacturing (AM) machine 
condition [138]. A Fused deposition method (FDM) was em-
ployed in their experiment. Lotrakul et al. also presented an 
alternative to monitor filament feeding process in FDM using 
an acoustic emission sensor [139]. In addition to these, other 
types of manufacturing machines were also studied for their 
health managements. Rodriguez et al. presented analytical and 
experimental studies on failure detection in automated parts 
assembly using the force signature captured during the contact 
phase of the assembly process [141]. They used a less expen-
sive sensor (A single-axis load cell instead of a six-axis 
force/torque sensor) to provide enough information to detect 
failure. Zhao et al. developed a transient temperature monitor-
ing technique for ultrasonic joining processes [112]. They 

fabricated micro Thin film thermocouples (TFTCs) on thin 
silicon substrates, which were then inserted in the welding 
anvil as a permanent feature so that the sensors were always 
located about 100 mm directly under the welding spot during 
joining of multilayer Ni-coated Cu thin sheets for battery as-
sembly. Courtois et al. presented a thermal method (Lock-in 
thermography) to detect defect propagation during shutdown 
of plasma facing components for modern steady state fusion 
devices [137]. 

 
3.2 Data acquisition with different measurement types 

While various types of measurements are used for the health 
managements of different components, a proper selection of 
sensor type which measures and represents the status of ma-
chine or component, needs to be addressed. As summarized in 
Tables 2-5, single measurement type is frequently used for the 
machine and component health monitoring, however, multiple 
types of measurements are also used simultaneously. In sum-
mary, 63 references used single measurement, 17 references 
used two measurement types, 14 references used three or more 
measurement types for the machine health monitoring, in the 
94 references reviewed in this work. The measurement types 
used in the references (Tables 2-5), are also sorted into 20 
different measurements. Examples of the types of measure-
ments include vibration, acoustic emission, and electric signal 
(Voltage, current, or power consumption). We extracted the 
frequencies of each measurement type used in the references 
and plotted them on Fig. 9. 

Since vibration signals well represent the dynamics of ma-
chines, it has been used most frequently for the machine 
health managements. Other important measurement types are 
acoustic emissions, force/torque, temperature, and electric 
signals. To investigate which type of signal is measured 
within different types of monitoring components, the meas-
urements extracted from the references are grouped by six 
types of monitoring components, i.e., the rotary, machining, 

 
 
Fig. 9. Frequency of different types of measurements in the reference. 
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micro machining, electric, non-conventional manufacturing, 
and other components. They are then plotted in Fig. 10 based 
on the frequency of different types of measurements used 
within different types of monitoring components. For the ro-
tary components, vibration and acoustic emission signals are 
preferred for their health monitoring and managements, as 
shown in Fig. 10. Since the gears and bearings usually consist 
of oils for the lubrication, investigation of oil condition is an-
other useful measurement type for those components. 

Because the cutting force or torque provides important in-
formation on the various machining conditions in the machin-
ing process, force and torque signals are mostly used with 
vibration and acoustic emission signals for monitoring ma-
chining tools and processes. Another important measurement 
type in the machining process is power consumption for esti-
mating the cutting load indirectly, or for optimizing the energy 
consumed during the process. Although the energy saving 
issues in the smart factory is beyond the scope of this review, 
it is another essential field to be studied for the realization of 
the Industry 4.0 and to make the factory smarter. Vibration, 
electric signals, and rotating speed are useful for the health 
monitoring and managements of the electric components, and 
recent studies presented the feasibility of using acoustic emis-
sion signal for the health managements of non-conventional 
manufacturing processes, such as laser cladding, plasma proc-
ess, and 3D printing systems. As the factory and the machines 
will be more complicated and robust, the studies on the other 
types of measurements with the developments of novel and 
cost-effective sensor systems need to be followed in the era of 
Industry 4.0. We introduce and summarize the examples of 
different measurement types used for the machine health 
monitoring in the following subsections. 

 
3.2.1 Vibration signals 

Because the mechanical vibration gives us lots of informa-
tion about the machines’ health status, it is one of the most 
practical measurement for the health monitoring purposes. 
Yan et al. presented a new approach to machine health moni-
toring based on the Approximate entropy (ApEn), which is a 
statistical measurement that quantifies the regularity of a time 
series, such as vibration signals measured from an electrical 

motor or a rolling bearing [56]. A numerical simulation of an 
analytic signal is presented and verified experimentally. Chen 
et al. presented analytical and experimental studies on ma-
chine tool wear monitoring for the cutting tools based on lo-
gistic regression model by using vibration signals [108]. 
Soualhi et al. presented a new approach that combines the 
Hilbert-Huang transform (HHT), the Support vector machine 
(SVM), and the Support vector regression (SVR) for the 
monitoring of ball bearings [59]. The proposed approach uses 
the HHT to extract new heath indicators from station-
ary/nonstationary vibration signals in order to track the degra-
dation of the critical components of bearings. 

 
3.2.2 Acoustic emission sensors 

Acoustic emission is another important practical measure-
ment for the machine health monitoring. Mba reported the 
application of AE technique for identifying the size of a defect 
on a radially loaded bearing [71]. Wang et al. introduced a 
multi-source energy-harvesting-powered wireless acoustic 
emission monitoring system for the applications of rotating 
machine fault detections [75]. Elforjani et al. reported the AE 
measurements to detect and monitor the growth of defect as 
well as to locate natural defect initiation and propagation in a 
conventional rolling element bearing [68]. They also investi-
gated the source characterization of AE signals associated 
with a defective bearing during operation. Acoustic emission 
was monitored continuously in order to investigate natural life 
degradation of gears. 

 
3.2.3 Force and torques 

The cutting force or torque is a useful data for a real-time 
diagnostic and prognostic of machine tools. Saurabh Aggar-
wal, et, al. presented an enhanced methodology for cutting 
torque prediction from the spindle motor current, readily 
available in modern machine tool controllers [135]. The pre-
dicted cutting torque was further used to accurately predict the 
cutting forces and chatter-free regions for milling process 
planning purpose. Kaya et al. presented evaluation of cutting 
conditions on tool life and proposed an effective hybrid strat-
egy to estimate tool flank wear while milling of Inconel 718 
super alloy [98]. 

 
 
Fig. 10. Frequency of different types of measurements used within different monitoring components. 
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3.2.4 Deformation or strains 
Deformation or strain is another important physical data 

useful for the machine health monitoring. Ma et al. developed 
sensor module utilizing a thin film Polyvinylidene fluoride 
(PVDF) piezoelectric strain sensor with an in-situ data logging 
platform for monitoring the feed and transverse forces in the 
peripheral end milling process [105]. Denkena et al. devel-
oped a sensory z-slide that “Feels” the machining process, 
equipped with several strain sensors to the spindle sets of a 5-
axis machining center [103]. By measuring the deformation of 
each point in the machine tool sets, they evaluated the process 
forces during milling. Stoney et al. presented multiple sensor 
networks for monitoring tool condition [110]. Strain-sensitive 
wireless passive SAW sensor system and Kistler 9232A strain 
sensor attached to KORLOY MGEVR tool holder was used. 

 
3.2.5 Temperature 

Arrazola et al. presented an experimental study on micro-
scale thermal imaging to identify the effects of changing the 
machinability rating of the material on the temperature for two 
grades of AISI 4140 [91]. Hayashi et al. also developed a mi-
cro-sized in-process thermometry type sensor which was used 
for monitoring the thermal behavior near the cutting point [88]. 
Rodriguez et al. presented a resonant inductive-capacitive (L-
C) circuit based wireless temperature sensor suitable for work-
ing in harsh environments to monitor the temperature of rotat-
ing components [86]. Bi et al. presented an experimental study 
on temperature signal emitted from the melt pool in laser 
cladding process [136]. Different measurement systems, in-
cluding a photodiode, pyrometer, and CCD camera with dif-
ferent functional wavelengths, were used to detect the tem-
perature radiation. Suhail et al. presented parameter optimiza-
tion studies of workpiece surface temperature and surface 
roughness in cutting process [111]. 

 
3.2.6 Electric signals 

Mannan et al. investigated the feasibility of measuring the 
power and current signal, phase angle between current and 
voltage, and frequency shift of certain spectral components 
during the machining process (i.e. Turning, milling and drill-
ing), in order to monitor tool wear and breakage [129]. For 
monitoring the tool wear, they established the correlation be-
tween power/current and torque/force. Kim et al. adapted Wil-
liams’ drilling model to represent drill wear-torque model for 
the estimation of real-time drill wear. They also developed the 
spindle motor power-torque model by calculating the motor 
power from the motor current and load in the machining cen-
ter [93]. Some of the results regarding electric signal from 
machine tools have been conducted for greener processes, 
such as energy assessment, power demand in machining, or 
energy transfer. Using the power meter, Magini measured the 
power consumption during machining to investigate and con-
firm the governing rule for the energy transfer in machining 
process [102]. Other study found high-speed cutting as 
‘Greener process’ with less energy consumed than the conven-

tional cutting speeds [104]. They measured power demand in 
milling process using a WattNode Modbus power meter via an 
MTConnect monitoring system, which provides a standard for 
data exchanges and allows the access to manufacturing data 
with standard interfaces. Gontarz et al. introduced a mul-
tichannel measurement system, which provides an energy 
consumption of the machine tool, calculated from the voltage 
by 3-phase direct voltage measurement with Hall effect cur-
rent transformer [145]. 

 
3.2.7 Multiple measurements 

Multiple types of measurements are used for the health 
managements of machines by implementing different types of 
sensors simultaneously. Loutas et al. reported experimental 
results concluded by long (~50 hours) experiments for a de-
fected gear system to simulate the tooth crack [77]. The AE 
and vibration signals were recorded. Eftekharnejad et al. also 
provided an investigation that compared the applicability of 
AE and vibration technologies in monitoring a naturally de-
graded roller bearing [70]. Rodolfo et al. reported an investi-
gation of tool-wear monitoring in a high-speed machining 
process using a dynamometer, accelerometer, and acoustic 
emission sensor [94]. The cutting force was measured by a 
three-component platform featuring a Kistler 9257A dyna-
mometer. Zeng et al. presented analytical and experimental 
studies on Tool condition monitoring (TCM) in high speed 
machining [101]. They implemented a multi-modal sensing, 
which includes an accelerometer, acoustic emission sensor, 
and a dynamometer, along with an advanced signal processing 
to monitor the high-speed milling process. A Kistler quartz 3-
component platform dynamometer was mounted between the 
workpiece and machining table to measure the cutting force. 

 
3.3 Machine health management algorithms 

For the health managements of the components or machines, 
the measured data by the sensors are processed and extracted 
to represent their health status with the variety of algorithms 
and tools. The distribution of various algorithms in the refer-
ences, sorted by their types, is shown in Fig. 11. The examples 
include the analytical, numerical, or experimental model based 
feature extraction, time domain analysis, Fourier transform 
(FT), Empirical mode decomposition (EMD), Neural network 
(NN), Wavelet transform (WT), and etc. In other review arti-
cles, commonly used algorithms are well summarized with 
their theoretical backgrounds and the characteristic of each 
methodology. In this review, the algorithms used in the refer-
ences within Tables 2-5, are classified and summarized to 
present which type of algorithm is used for different monitor-
ing components and measured signals. To present this, the 
extracted frequency of different algorithms with respect to the 
types of monitoring components is summarized in Fig. 12. 

For the rotary components, while most of the algorithms are 
investigated for their health managements, FT, NN, or EMD 
based algorithms are frequently used. Because there have been 
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numerous efforts for the analytical or numerical modeling of 
the machining processes, since the last several decades ago, 
the health status of machining tools or processes are fre-
quently managed based on the analytical, or numerical model, 
i.e., the cutting mechanics. 

The time domain analysis is another useful and preferable 
tool for the health managements of various types of machines 
because it directly uses the waveform to compare the signals. 
However, the time domain waveform may not provide enough 
information, such as the features in the frequency domain. 
Because Fourier transform can represent the waveform in the 
frequency domain (for stationary signal) with good spectrum 
resolution, it is also frequently used for different types of ma-
chines. 

As shown in Fig. 13, where the sorted algorithms with re-
spect to the measurements types, time domain analysis, FT, 
NN, EMD and WT methods are commonly used for the health 
managements with vibration and acoustic emission signals. 
Because the force or torque signals are preferred for the ma-
chining tool (Process) monitoring as well as the managements, 
they are frequently processed by the analytical and numerical 
based model, or time domain analysis, based on the cutting 
mechanics and so on. The statistical pattern recognition is 
dominantly used for the vision data processing, based on the 
image process. It is found that power consumption is com-
monly evaluated via the analytical model and time domain 
analysis. 

Several examples of commonly used algorithms are briefly 

introduced and summarized in the following subsections. 
 

3.3.1 Empirical mode decomposition  
EMD method, first introduced by Huang et al. is an analysis 

technique used for processing nonlinear and nonstationary 
data by decomposing the localized data into a few Intrinsic 
mode functions (IMFs), of which the frequencies can be cal-
culated from their Hilbert transforms [146]. Lei et al. summa-
rized and reviewed the recent research and developments on 
Empirical mode decomposition (EMD) methods for fault di-
agnosis of rotating machineries, further providing information 
about the problems and solutions, as well as their applications 
[5]. Various modified EMD methods can be observed. For 
instance, Imaouchen et al. presented an improved EMD 
method for bearing fault detection by using Complementary 
ensemble empirical mode decomposition (CEEMD) to de-
compose vibration signals into IMFs with Frequency-
weighted energy operator (FWEO) to demodulate the signals 
without the need of a pre-filtering process [52]. 

 
3.3.2 Neural network  

NN analysis is the technique to simulate the systems and 
their functions with biological neural networks. It is useful for 
modeling complex systems with non-linear behaviors. 
Samanta et al. presented a fault diagnosis of rolling element 
bearings based on Artificial neural network (ANN) based 
procedures that directly use the features obtained from time-
domain vibration signals [57]. Chang et al. developed an 
online fault diagnosis system for a rotating machine by using 
fractal theory to obtain fractal dimension and lacunarity from 
the features of the shaft orbital data; back-propagation net-
work algorithm was used to analyze the data [73]. Jia et al. 
proposed a Deep neural network (DNN) based method for 
fault diagnosis, which can mine fault characteristics from a 
given frequency spectrum for various diagnosis that can by 
classified into different health conditions [78]. Recently, Patel 
and Upadhyay compared the Artificial neural network (ANN) 
method and the Support vector machine (SVM) method for 
predicting bearing faults and found that the SVM produced 
better results than the ANN method [60]. 

 
3.3.3 Statistical method 

By analyzing previous data using statistical methods and 
approaches, the Remaining useful life (RUL) can be estimated 
and thus contribute to machine prognostics. Si et al. reviewed 
the statistical data driven methods for estimating the remain-
ing useful life, a main component of Condition-based mainte-
nance (CBM) and prognostics [40]. The different models dis-
cussed include wiener processes, gamma processes, regres-
sion-based models, Markovian-based models, filtering-based 
models, and hazard models. However, different models have 
also been presented by other authors. Yan and Gao presented 
a new approach to machine health monitoring by quantifying 
the regularity of a time series using a statistical method called 
Approximate entropy (ApEn), which can effectively charac-

 
 
Fig. 11. Frequency of different types of health managements algo-
rithms used in the references. 
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terize the severity of structural defects [56]. 
 

3.3.4 Spectral kurtosis 
Spectral kurtosis is a statistical tool that measures non-

Gaussian components in a signal, as well as its location in the 
frequency domain, to determine the impulsiveness of a signal. 
Wang et al. summarized and reviewed the theory and applica-
tions of Spectral kurtosis (SK), one of the powerful techniques 

for vibration signal analysis, in fault detection, diagnosis, and 
prognosis of rotating machines [7]. New variations of SK are 
presented, covering the related publications from 1980 until 
now. 

 
3.3.5 Support vector machine (SVM) 

SVM is a computational learning model that is based on the 
Structural risk minimization (SRM), which allows for better 

 
 
Fig. 12. Frequency of different types of health managements algorithms sorted by the types of monitoring components. 

 
 

 
 
Fig. 13. Frequency of different types of health managements algorithms sorted by the types of measurements. 
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classification and regression analysis of the data. Widodo and 
Yang summarized and reviewed the classification methods for 
machine condition monitoring and fault diagnosis using Sup-
port vector machine (SVM) [13]. The different types of SVMs 
are discussed, along with their applications and limitations. 

 
3.3.6 Hybrid 

Hybrid models involve the combination of different meth-
ods, such as the ones mentioned above. Wang et al. presents a 
fault diagnosis for centrifugal pumps by integrating Comple-
mentary ensemble empirical mode decomposition (CEEMD), 
a noise assisted method based EMD, Sample entropy 
(SampEn), a method for quantifying the degree of complexity 
in different time scales, and Random forest (RF), a classifier 
for the different fault modes [64]. Zhao et al. presented a gear-
box fault diagnosis method by using Complementary ensem-
ble empirical mode decomposition (CEEMD) to obtain Intrin-
sic mode functions (IMF) and of which the Permutation en-
tropy (PE) values are used as input values for a Support vector 
machine (SVM) [81]. Niu et al. presented an advanced Condi-
tion-based maintenance (CBM) method for health assessment 
and prognostics by combining Reliability-centered mainte-
nance (RCM) for optimizing maintenance costs and data fu-
sion strategy for improving the maintenance accuracy [11]. 
Loutas et al. presented a more effective diagnostic scheme for 
gears by combining vibration and acoustic emission re-
cordings with Oil debris monitoring (ODM) data; Principal 

component analysis (PCA) and Independent component 
analysis (ICA) were used to analyze the data [83]. 

 
4. Implementation of machine health management 

within the smart factory 

Smart factory is one of the underlying aspects of Industry 
4.0 as a prerequisite to the ultimate interface for cyber-
physical system. Since a smart factory needs to put all the 
parts together, connecting machines, conveyors, and products 
with information systems, building its framework is necessary 
to realize and fulfill the goals of Industry 4.0 [147-149]. An 
example of its framework is illustrated in Fig. 14 showing the 
connectivity and collaboration of machines, monitoring de-
vices, diagnosis tools, big data analysis, IoT, and etc. Detail 
reviews related to the above issues are followed in the subsec-
tion. The framework also needs to be developed to fulfill more 
advanced form of smart factory addressing the energy effi-
ciency, costs, sustainability, and so on. In Sec. 5, we summa-
rize these issues with discussing the applications and future 
trends of smart factory. 

 
4.1 Machine-to-machine communication 

In order to overcome the limits of a conventional factory, 
the smart factory initiative was conducted through the collabo-
ration of industry and research institutes. According to 

 
 
Fig. 14. Schematic illustration of an example framework with the implementation of machine health monitoring within the smart factory. 
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Zuehlke et al. [24] the initiative experiment underlines a few 
key requirements for building a smart factory, such as strict 
modularization of factory components, which can be easily 
adapted to the environment, creation of standards at each level 
of manufacturing automation to minimize planning cost, and 
fabrication of interfaces and technologies for humans. 

As Weyrich et al. highlighted in their work [150], the con-
cept of smart factory is reaching out further to form its reality 
where spontaneous interaction among devices, products, ma-
chines, and humans is made. The choice to apply either 
‘Wired’ or ‘Wireless’ communication to the construction of 
smart factory revolves around the issue of energy-
consumption and security for the data transfer within the net-
work. While ‘Wired’ connection gives concrete network secu-
rity along with stability, ‘Wireless’ network could form ubiq-
uity, which allows data transfer between machines and devices 
regardless of their positions within the site [151]. 

 
4.2 Wireless and sensor networks (IoT) 

Consolidation of language among factory components, such 
as machines, sensors, devices, and human, is a necessary step 
to build a digital factory. As many protocols for network 
communication diverse in its level and type of transmitted 
data, founding a base model, which may suggest a template 
for a digital factory regardless of its structures and type of 
components, is essential. This is when the concept of IoT be-
comes useful [152]. Since IoT framework makes use of a 
cloud server that processes real time data and interacts with 
users, its functionality could be fully manifested when applied 
to integrating the swarm of data within a digital factory. Shari-
atzadeh et al. describes that in order to achieve interoperability 
between a smart factory (Real time data) and a digital factory, 
three layers must be considered – data transfer protocols, data 
representation & presentation, and semantics & understanding 
of data [34]. 

 
4.3 Machine collaboration 

The underlying requirement for sensors for smart factory 
machines is the capability of sustaining communication 
through the swarm of data. While sensor nodes conventionally 
make access to a designated network, the element of smart 
factory highlights the strict modularization. Without complex 
installation processes, the parts are to be easily adapted to the 
surrounding work conditions. Along with strict modulariza-
tion of the components, the sensors are to connect to the net-
work of the factory hub without specific configuration for its 
topology. One concept that could be understood under the 
concept of machine collaboration is ‘Opportunistic network-
ing,’ which refers to the capability of the sensor to make selec-
tive connection and relay data either to a hub or a nearby de-
vice [153]. 

In a similar context, the feasibility of deploying a monitor-
ing robot into a smart factory has been proposed by the re-

searchers from Leibniz University. KUKA youBot was put 
into a field test to see its potential to move, monitor, commu-
nicate within the network and the results suggests a promising 
outlook for collecting data variables from the deployed 
youBots inside the smart factory for assessing the overall fac-
tory status. The ultimate goal is to enhance the overall quality 
of the integrated industry by using data analysis [140]. 

 
4.4 Real-time diagnosis 

Conventional manufacturing processes have been managed 
by manufacturing execution systems. Yet, this type of surveil-
lance system fails to detect invisible abnormality and notify 
the work manager in charge. To cope with such issues, the 
researchers from Stuttgart University have suggested the im-
plementation of context-aware workflows to attain a greater 
level of intelligence within a factory, as a way of managing 
machine failure in factories. The researchers categorized types 
of “Smart work flows” according to different tasks and they 
proposed a context-aware workflow system. When a failure is 
induced, these Smart flows utilize Context integration proc-
esses (CIP) to properly handle and approach the malfunction-
ing point throughout the manufacturing line. It gathers all 
necessary and relevant records of similar failures to make its 
own judgment as to which tools and method to apply [38]. 

The interaction between humans and robots in an industrial 
factory is never a negligible aspect, along with other concep-
tual expectations for a smart factory such as automation, self-
organization, and inter/intra connectivity between the ma-
chines. As humans still collaborate with robots in some sec-
tions of a factory, the coordination of movements between 
them greatly affects the productivity. Safety of humans work-
ing with the robots is a significant issue as well. For this mat-
ter, a research has been conducted to analyze and improve the 
capability of the industrial robots to adapt to and synchronize 
with humans’ body movements. The user experience (UX) 
has been thoroughly investigated and the workers have been 
interviewed. Test parameters, including individual rhythm, 
speed, and steps, for adaptability, were used to verify the ro-
bot’s collaboration performance with the workers [154]. 

 
4.5 Big data 

As the era of the fourth industrial revolution comes nearby, 
the effort to integrate the manufacturing process and data born 
at each level is rising up to the surface. One of the key tools to 
collect and analyze the massive amounts of data is big data 
technology, essential for achieving cost-efficiency and feed-
back control system, which minimizes the malfunctioning of 
the smart factory. This could also help shape the whole factory 
to adapt to manufacturing new products that are suitable for 
the changing needs of the customers. Yin et al. delineates the 
five aspects of the big data by 5 simplified Vs: Volume, vari-
ety, veracity, velocity, and value. The terms, ‘Volume’ and 
‘Variety’, refers to the amount of data that needs to be proc-
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essed by the hardware and software. Other keywords, such as 
‘Veracity’ and ‘Velocity,’ are related with real time process-
ing and filtering of the data collected in order to detect any 
system failure before it actually happens. Finally, the term, 
‘Value’, is giving the assessment on how valid the extracted 
data is [27]. 

Wang et al. propose a system architecture comprised of four 
layers: Physical resource layer, industrial network layer, cloud 
layer, and supervisory control terminal layer. Each layer 
communicates with one another, relaying the data from the 
bottom to the top layer. Utilizing the framework expedites the 
data collection process in the cloud and opens up negotiating 
opportunities among the layers. This self-organizing network, 
backed up by massive data in its cloud, creates flexible pro-
duction and manufacturing processes [22]. 

 
5. Applications and future trends of smart factory 

As reviewed above, numerous efforts have been made in 
industries for practical applications of PHM. In overall, the 
IoT technology market is expected to be an 8.9 trillion USD 
by 2020, and system health monitoring has been widely 
adopted by various industries [35]. In particular, development 
of capability for various sensors and their communications 
significantly have contributed to the implementation of health 
monitoring for more and more complex systems. 

Following the technology development, view on health 
monitoring/maintenance has evolved from ‘Technical matter’ 
or ‘Necessary evil’ to ‘Partnership’ [15]. PHM system largely 
influences not only the maintenance cost, but also the avail-
ability, product quality, and even safety requirements, etc. 
Basically, structural health monitoring can save additional 
credit in operation and can reduce potential risk due to severe 
usage [6]. In addition to this, it can also contribute to man-
agement improvement of the whole manufacturing facility, 
since downtime of a single component/machine influences the 
entire manufacturing system. The importance of health moni-
toring and maintenance significantly increases as the system 
complexity/uncertainty increases. Structural health monitoring 
data is now included in a life-cycle cost analysis [155]. 

One remarkable expansion of the role of health monitoring 
is sustainable manufacturing. By construction of collaborative 
network between machine and systems, health monitoring 
technologies are expected to contribute not only to energy use 
reduction but also to recover and remanufacture. Sensor em-
bedding and structural health monitoring can contribute to 
decision-making in remanufacturing by reducing uncertainties 
in product and service with improved quality. Hence, a nu-
merous study has investigated sustainable manufacturing by 
adopting health monitoring in the smart factory. More easily, 
redundant repairs and maintenance of machines have been 
generally considered as a burden to the environment, since 
they produce negative environmental impacts, i.e., defective 
parts and used lubricants. Ajukumar and Gandhi evaluated and 
compared several design alternatives from the perspectives of 

maintenance at the design stage [50]. In addition, dynamic 
collaboration of machines could contribute to effective use of 
resources, as well as reduced uncertainties. Following the 
trend, Smart manufacturing leadership act (SMLA) was intro-
duced in 2015 in order to seek to establish a national smart 
manufacturing plan, which will result in saving resources 
[156]. 

As one application in health monitoring in smart factory, 
eMaintenance, which consists of remote control, collaborative 
maintenance, predictive maintenance, etc., has evolved and 
been applied to industries. eMaintenance might refer to effi-
cient-maintenance, effective-maintenance, and/or enterprise-
maintenance, but also includes the meaning of excellent main-
tenance [47]. Muller et al. conceptually reviewed the concept 
of eMaintenance, and defined the eMaintenance concept, 
which supports proactive decision making process by means 
of not only e-technologies, but also e-monitoring, e-diagnosis, 
e-prognosis, etc [47]. They claimed that eMaintenance re-
quires systematic models and methodologies more than tech-
nologies, in order to efficiently manage multi-sources 
data/knowledge and to maximize the effect of eMaintenance. 
Han and Yang applied the eMaintenance concept to induction 
motor industries, and they developed new smart sensors and 
methodologies by common standards in order to minimize the 
downtime [15]. 

As another example, Lee et al. introduced Engineering im-
mune system (EIS) in order to responds to the complexity and 
uncertainty of machines additional to self-maintenance system, 
[12]. The concept of EIS includes the ability to assess and 
predict system performance and capability of surviving any 
disruptions, except for serious failures. Compared to the e-
maintenance concept, the EIS is more emphasized on the ca-
pability of surviving probabilistic conditions, and it can be 
achieved by comprehensive machine database, online learning 
tools, cloud computing, autonomic computing, etc. With vari-
ous efforts, U.S. National Institute of Standards and Technol-
ogy (NIST) estimated smart manufacturing infrastructure 
would save 57.4 billion USD annually, of which the ‘En-
hanced sensing and monitoring,’ and ‘Determining required 
action and implementing action’ occupied about 37.1 % 
among the total [23]. From the perspectives of not only the 
efficient manufacturing, but also the synergetic manufacturing, 
health monitoring of smart factory is expected to keep con-
tributing significantly to the manufacturing system. 

Challenges in structural health monitoring can be consid-
ered from the perspectives of sensors, prognosis algorithms, 
and system integration, respectively. Among them, develop-
ment of integrated system with systematic model was consid-
ered as the most important aspect in smart manufacturing 
since it is harder to integrate sensing hardware and develop 
robust data interrogation software rather than developing sin-
gle component and system-level monitoring system [157]. 

One of the recent advancements is a deployment of Cyber-
physical systems (CPS), which monitors and synchronizes on 
computers with all related perspectives in real physical fac-
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tory; therefore, information can be more efficiently, collabora-
tively, and resiliently used [9]. Importance of systematic and 
integrated model has been emphasized here again, following 
Muller et al. above [47]. 

In addition to the integrated system, sensors and wiring 
should be optimized without interfering current machine op-
eration. For the prognosis algorithm, the time-consuming 
learning and implementation time has been an issue, but there 
have also been efforts to implement network-based health 
monitoring system for adaptive and efficient ways of improv-
ing processing time rather than centralized PC-based solution 
[2]. 

As stated before, Industry 4.0 factory evolved from a com-
ponent level with precision attributes to production system 
with productivity attributes [9]. The manufacturing system is 
getting more and more complex with higher uncertainties. 
Various technologies are required in terms of relevant level, 
i.e., self-optimized for disturbance at configuration level, and 
sensor network at smart connection level. Nevertheless, with 
more smart sensors and smart machines, manufacturing indus-
tries are expected to continue on dynamic collaboration, en-
terprise mobility, real-world connectivity, and manufacturing 
intelligence [14]. 

 
6. Conclusions 

In conclusion, this work presents an overall review of ma-
chine health managements for the smart factory. With the 
importance of the PHM of machines, and the developments in 
the machine maintenance strategies for variety types of ma-
chines, we review and summarize different types of machine 
health managements techniques, classifying them by the types 
of monitoring components, physical measurements for the 
machine condition monitoring, and various algorithms used 
for the health managements. 94 existing articles for the ma-
chine health managements are reviewed by the classifications 
of the references by the monitoring components, sensor types 
for machine monitoring, as well as the different types of algo-
rithms and PHM tools used for the machine health manage-
ments. As Industry 4.0 and smart factory lead the factory 
automation, the intelligent machines, and the production lines, 
the significance of machines’ health managements for their 
diagnostics and prognostics will be more emphasized. The 
advanced network technologies, ICT, IoT, cloud computing, 
and big data managements will also leverage the development 
of the machine health managements towards future smart 
factory, as well as the realization of Industry 4.0. In this regard, 
this work tries to give an overall summary and perspective of 
the machine health managements in the smart factory and 
Industry 4.0. 
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