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Abstract— Industry 4,0 represents the coming fourth 

industrial revolution on the way to combine modern industries 

with Cyber-Physical Systems, Internet of Things and Internet of 

Services. In an Industry 4.0 factory, machines are connected as a 

collaborative community to collect, exchange and analyse data 

systematically. This paper investigates the potentials and trends 

of predictive maintenance and maintenance management in 

industrial big data and Cyber-Physical Systems environment. 

Furthermore, the development of predictive maintenance, its 

technical challenges, and the potentials under Industry 4.0 era 

was researched to discover the linkage between Industry 4.0 and 

predictive maintenance.  
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I. INTRODUCTION  

The goal of predictive maintenance is to reduce downtime 
and cost of maintenance under the premise of zero failure 
manufacturing through monitoring the working condition of 
equipment and predicting when equipment failure might occur. 
Prediction for future potential fault allows maintenance to be 
planned before the fault happens. Ideally, maintenance 
schedule can be optimized to minimize the cost of maintenance 
and achieve zero failure manufacturing. However, it is difficult 
to realize all the advantages of predictive maintenance without 
the foundation of correlation techniques like big data and 
cloud-computing. Many manufacturing systems are not ready 
to manage big data due to the high demands on data access and 
data quality and use multiple data sources to extract relevant 
information [1]. 

Industry 4.0 refers to a fourth generation of industrial 
activity as a result of the fourth industrial revolution 
characterized by smart systems and Internet-based solutions 
[2]. It combines strengths of optimized industrial 
manufacturing with internet technologies and changes 
manufacturing process, maintenance strategies and 
maintenance management significantly. Therefore, many 
companies face the challenge to assess the diversity of 
developments and concepts summarized the term Industry 4.0 
and to develop their own strategies [3]. However, since lack of 
research of the potential use of Industry 4.0 and prospect of 
predictive maintenance, many companies and organizations are 
exposed to a dilemma, neither to wait too long with their 
Industry 4.0 implementation nor to start too early and commit 
fatal errors [4].  

Therefore, this paper aims to provide empirical information 
on the potentials of Industry 4.0 in the research field of 
maintenance. It may help academics and practitioners to 
identify and prioritize their steps towards predictive 
maintenance and condition-based maintenance management 
under the environment of Industry 4.0. 

The remaining part of the paper is organized as follows. 
Section 2 briefly presents the classification of maintenance 
strategy and related challenges. Section 3 discusses the related 
trends accelerated and encouraged under Industry 4.0 era. 
Section 4 describes a case study, which illustrates how the 
predictive maintenance and maintenance management can be 
applied under Industry 4.0 era. Conclusions are summarized in 
the last section of this paper. 

II. REVIEW OF MAINTENANCE STRATEGIES 

A maintenance action may include a set of maintenance 
activities: monitoring, condition analysis, routine maintenance, 
overhaul, repair and rebuilding. According to the European 
Standard, maintenance is defined as the combination of all 
technical, administrative and managerial actions during the life 
cycle of an item intended to retain it in, or restore it to, a state 
in which it can perform the required function [5]. Progress in 
maintenance strategy benefits from a long historical 
development 

As shown in Fig. 1, the classification of maintenance 
strategies can be divided into three classes as corrective 
maintenance (CM), preventive maintenance (PM), and 
predictive maintenance (PdM). CM is similar to repair work, 
which is performed when the equipment has an obvious failure 
or a breakdown. That is why CM is also called as run-to failure 
maintenance, breakdown maintenance or maintenance-on-
failure. PM is carried out at predetermined intervals or 
according to pre-described criteria with the intention to 
decrease the probability of failure or degradation of certain 
functions. PM is scheduled without the occurrence of any 
monitoring activities. The scheduling may be based on the 
number of working hours or times. These two strategies are 
very well known in most industries [6].  
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Fig. 1 Classification of maintenance strategies [6]. 

As one of the most popular and modern maintenance 
policies, PdM measures parameters in the condition of 
equipment carry out the appropriate tasks to optimize the 
service life of machines and processes without increasing the 
risk of failure [7]. Based on the approaches of measuring the 
symptom of failures, there are two groups of PdM: statistical-
based PdM and condition-based PdM. 

Comparing with other maintenance strategies, PdM has 
some advantages: equipment that requires maintenance is shut 
down only before imminent failure; reducing the total time 
spent maintaining equipment; reducing maintenance costs by 
avoiding catastrophic damage; increasing availability and 
reliability of machines; extending life of equipment and 
processes. However, PdM is facing several challenges as 
following:  

(1) High demands on data access, data quality and data 
fusion from multiple sources for data sharing and data 
publication. Since these sources of data often operate in a 
heterogeneous environment, integration between the systems is 
problematic [8].  

(2) The capability to deal with industrial big data. To 
leverage big data, industrial businesses need the ability to 
support different types of information, the infrastructure to 
store massive data sets, and the flexibility to leverage the 
information once it is collected and stored—enabling historical 
analysis of critical trends to enable real-time predictive analysis 
[9]. 

(3) The prediction accuracy for PdM. The inaccurate 
predictive information may result in either unnecessary 
maintenance, such as early replacement of components, or 
production downtime because of unexpected machine failures. 
Therefore, the accuracy of remaining useful life prediction, 
particularly the long-term prediction, which gives sufficient 
time to prepare for a maintenance operation, plays an essential 
role in the full realization of the potentials of predictive 
maintenance [10]. 

III. FROM THE PERSPECTIVE OF MAINTENANCE 

TOWARDS INDUSTRY 4.0 

Industry 4.0 is the superposition of several technological 
developments related to Cyber-Physical Systems (CPS), 
Internet of Things (IoT), Internet of Services (IoS) and Data 
Mining (DM). CPS refers to a new generation of systems with 
integrated computational and physical capabilities that can 

interact with humans through many new modalities. The key is 
the ability to interact with, and expand the capabilities of, the 
physical world through computation, communication, and 
control [11]. IoT is defined as the ubiquitous access to entities 
on the internet for the extension of the physical world through 
a variety of sensing, detection, identification, location tracking 
and monitoring equipment [12]. IoS pursuits a similar approach 
with services instead of physical entities. The integration of 
these developments promotes the cooperation between the 
partners alone the entire system. From the perspective of 
predictive maintenance, Industry 4.0 accelerates and 
encourages several developments, which will be reviewed and 
discussed in this section. 

A. Cloud computing environment 

Industry 4.0 includes the increasing impact of information 
and communication technologies on industrial production 
processes. As one of the driving forces behind Industry 4.0, 
cloud computing has rapidly emerged as an accepted 
computing paradigm in many enterprises worldwide due to its 
flexibility and many other advantages [13]. It can manage 
shared data from multiple sources efficiently and flexibly in a 
self-service way and provide a unified service delivery 
platform for the IoT applications [14]. A cloud-based system 
provides the technological basis for the provision of data and 
allows not only creation of community-type services but also 
building of an open service platform environment which may 
have features of interactive, collaborative and customizable on 
demand. From the view point of predictive maintenance, cloud 
computing environment can efficiently support various smart 
services and solve several issues such as the memory capacity 
of equipment, computing power of processor, data security and 
data fusion from multiple sources. 

B. Industrial big data environment 

Under the Industry 4.0 era, another significant development 
is the combination of intelligent analytics and Cyber-Physical 
systems for achieving a new type of manufacturing 
management and factory transformation. The trend behand this 
combination is the environment of industrial big data. The 
application of industrial big data has been demonstrated in 
different areas of manufacturing, including production, supply 
chain, maintenance and diagnosis, quality management, and 
energy [15].  

In the research fields of maintenance, fault diagnosis and 
prognosis, appropriate sensor installations and various signals 
can be applied to monitor the working condition of the 
equipment. In addition, through comparing the current and 
historical data with data mining technologies, the degree of 
potential faults, the reliability of certain components and other 
useful information may be harvested.  

C. Smart Factory 

Industry 4.0 also facilitate the vision and execution of the 
idea "Smart Factory", in which cyber-physical systems monitor 
physical processes, create the virtual copy to represent the 
physical world and make decentralized decisions. Products 
may not only provide their identity but also record their 
properties, history and status via Radio Frequency 
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Identification (RFID) technology. Over cloud computing and 
distributed control, cyber-physical systems communicate and 
cooperate with each and via the Internet of Services, both 
internal and cross-organizational services are offered and 
utilized to make machines self-aware and actively prevents 
potential performance issues [16]. 

From the perspective of maintenance, a self-aware and self-
maintained machine system can be considered as a system 
which can self-assess its own health and degradation, and 
further use similar information from other peers for smart 
maintenance decisions to avoid potential faults [1]. To achieve 
such intelligence, smart analytics may be used at the individual 
machine or fleet levels. For a mechanical system, self-aware 
means the capability to assess the current, past or future 
working condition of a machine, and output the evaluation 
result. Such health assessment can be performed through data 
mining technologies to analyse the information collected from 
the given machine and its ambient environment.  

IV. CASE STUDY: REMOTE PREDICTIVE MAINTENANCE SYSTEMS  

In this section, a case study about the application of 
predictive maintenance will be introduced. This case study 
comes from a project called Green Monitoring, in which the 
remote prognostics and monitoring system focused on 
evaluating and predicting the health of equipment to reduce the 
maintenance cost on faults, defects and maintenance during the 
manufacturing process. In addition, RFID technology is 
applied to identify the components, which may have potential 

faults. Fig.2 shows the overall structure of the system, the data 
is acquired from remote customer site and transported to data 
mining center for data analysis. Data includes two types: (1) 
the signals collected from the sensors, which can be used to 
evaluate the working condition of the equipment or quality of 
the products. (2) the logistics information in the RFID tags, 
which can be collected by local RFID readers to identify the 
components in the equipment.  

All the data will be uploaded on the information network, 
which is controlled by ICB, a software company, for data 
sharing and publication. The system flowchart is shown in Fig. 
3 [17]. After a series of data mining process, including Signal 
Pre-process and Feature Extraction, the result of fault diagnosis 
and prognosis can form the Key Performance Indicator (KPI) 
to evaluate the current working condition and predict the 
degree of potential faults. 

The result of data mining will be recorded and published 
back to the network for remote condition monitoring and 
information sharing. The recommended maintenance strategy 
will be formed in the decision support system according to the 
prediction or evaluation result. Normally, it requires some 
relevant optimization and association theories to capture the 
trade-off between several factors such as maintenance cost, 
machining accuracy, or defective percentage, and then acquire 
the optimal decision. In addition, local RFID readers can 
collect and identify all the RFID tags shown in Fig. 4, which 
represent the components in the machine.  

 

 

Fig. 2 The Structure of remote predictive maintenance system 
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Fig. 3 System flowchart. 

 

Fig. 5 shows a sample of Information in a RFID Tag. Here, 
Tag ID “0xE20093747411026111005007” can be used for 
components identity. Normally, the 512 bits user data are 
reserved for the customized information, which can be 
converted to 64 ASCII characters. In this case, the condition 
evaluation related information is written in the user memory of 
the RFID tag. The information comprises the current working 
condition, whether has potential faults in the prediction period, 
when the potential faults may happen, evaluation time and 
date, in the form of “COND=0 POT=1 FAULT=28.05.16 
TIME=14:35 DATE=21.05.16”. Since the tag memory is 
written in the form of hexadecimal, the texts have to be 
converted to HEX before writing. In this case, the current 
working condition of the component, which is a spindle in a 
machine center, is normal (COND=0). Potential faults are 
detected (POT=1), which may happen in 28.05.2016 
(FAULT=28.05.16). In addition, the detection is taken at 14:35 
on 21.05.2016 (TIME=14:35 DATE=21.05.16).  

 

Fig. 4 Record of Tags in RFID Readers 

 

Fig. 5 Information in a RFID Tag. 

 

Combining the result of diagnosis and prognosis with 
logistics information collected from RFID tags, customers can 
figure out when, where, which equipment, and which 
components may have faults.  

V. CONCLUSIONS 

Industry 4.0 promotes the predictive and smart 
manufacturing in the future industry. In an industry 4,0 factory, 
the machines are connected as a collaborative community, 
which generates a great potential for predictive maintenance. 
This article has investigated the development of predictive 
maintenance, its technical challenges, and the potential under 
the environment of Industry 4.0. On one hand, the environment 
of cloud computing, industrial big data and smart factory is 
accelerated and encouraged in Industry 4.0 era, which establish 
the foundation to achieve predictive maintenance. On the other 
hand, predictive maintenance will play a very important role in 
future maintenance activities and meet the requirement of 
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smart manufacturing, self-aware machine under the terms of 
Industry 4.0. 

The case study introduced in this paper illustrates how the 
predictive maintenance and maintenance management can be 
applied under the environment of cloud computing and 
industrial big data based on data mining and RFID techniques. 
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